
Personalized Government Online Services 

with Recommendation Techniques

A Thesis

Submitted to the University Graduate School of 

University of Technology, Sydney

by

Xuetao Guo

In Full Fulfillment of the Requirements for the 

Degree of Doctor of Philosophy in Computing Science

2006



Certificate of Authorship/Originality
I certify that the work in this thesis has not previously been submitted for a degree and 

nor has it been submitted as part of requirements for a degree except as fully 

acknowledged within the text.

I also certify that the thesis has been written by me. Any help that received in my 

research work and the preparation of the thesis has been acknowledged. In addition, I 

certify that all information sources and literatures used are indicated in the thesis.

Date

Signature of Candidate

1



Acknowledgements

I would like to express my sincere thanks to all those who have provided me with 

various supports during my Ph.D study. My special thanks first go to my supervisor, 

Associate Professor Jie Lu. I am deeply indebted to her for her continuous support and 

encouragement over the last three years. Next, I would like to thank Associate Professor 

Simeon Simoff and Dr. Guangquan Zhang for their valuable advices and many useful 

discussions, which have greatly improved the completion of my Ph.D study. I would 

also like to acknowledgement Dr. Chris Cornelie for our interesting discussions about 

my study.

Finally, I am also very grateful to have a wonderful family. I thank their enduring love 

and wholehearted support throughout this study. Without saying, my sincerest thanks to 

my wife, Jennifer, and daughter, Ellen, for always being supportive, and for providing 

the necessary occasional distraction from my work, during the intense time this thesis 

was put together.

While working on my Ph.D study, I was supported by the Australian Postgraduate 

Award (APA) scholarship. Also, I thank the financial support from the Faculty of 

Information Technology, University of Technology Sydney during the study. The work 

contained in this thesis was carried out in the E-service Research Group, Faculty of 

Information Technology at the University of Technology Sydney.

n



Table of Contents
Certificate of Authorship/Originality.................................................................................i

Acknowledgements...........................................................................................................ii

Table of Figures...............................................................................................................vi

List of Tables.................................................................................................................viii

Abstract........................................................................................................................... ix

Chapter 1 Introduction..................................................................................................... 1

1.1 Background....................................................................................................... 2

1.2 Research problems.............................................................................................4

1.3 Research objectives...........................................................................................5

1.4 Significance.......................................................................................................6

1.5 Contributions..................................................................................................... 7

1.6 Thesis structure.................................................................................................. 8

1.7 Summary......................................................................................................... 10

Chapter 2 Literature Review......................................................................................... 11

2.1 Information retrieval and information filtering................................................12

2.1.1 Information overload............................................................................... 12

2.1.2 Information retrieval................................................................................12

2.1.3 Information filtering................................................................................ 15

2.2 Web personalization....................................................................................... 17

2.2.1 Concept of web personalization............................................................... 17

2.2.2 Taxonomy of web personalization.......................................................... 19

2.2.3 Design of personalization systems..........................................................30

2.3 Recommender systems...................................................................................31

2.3.1 Concept of recommender systems.......................................................... 31

2.3.2 Exi sting recommendation approaches....................................................32

2.3.3 Existing recommendation algorithms.....................................................48

2.3.4 Relevant techniques for recommendations.............................................53

2.4 Fuzzy logic techniques for recommendation..................................................63

2.5 Summary.........................................................................................................66

Chapter 3 Research Methodology.........................................................................  68

3.1 Research methods and process........................................................................ 69

3.2 Relevant research methods used in this study.................................................71

iii



3.2.1 Qualitative and quantitative research methods....................................... 71

3.2.2 Evaluation research approach................................................................. 72

3.2.3 Experimental and observational research................................................80

3.2.4 Prototyping approach of information systems........................................ 80

3.2.5 Appropriate approaches used in this study..............................................81

3.3 Summary.........................................................................................................82

Chapter 4 Development Model of Australian Government Online Services..................84

4.1 Effectiveness evaluation of government online services................................ 85

4.1.1 Design of an evaluation model............................................................... 85

4.1.2 Data collection........................................................................................ 90

4.1.3 Data analysis........................................................................................... 91

4.2 Development model of government online services...................................... 97

4.2.1 Existing development models of government online services..................98

4.2.2 Personalized model of government online services................................99

4.3 Summary....................................................................................................... 101

Chapter 5 Hybrid Recommendation Approaches for One-and-only Items................. 103

5.1 One-and-only item recommendation............................................................ 104

5.2 A hybrid recommendation approach integrated with semantic similarity

analysis.................................................................................................................... 105

5.2.1 Similarity and prediction computation.................................................. 105

5.2.2 Hybrid recommendation algorithms with semantic similarity analysis .... 
.......................................................................................................................112

5.2.3 A numerical example of recommendation generation.......................... 117

5.3 A hybrid recommenadtion algorithm with fuzzy logic................................. 119

5.4 Summary....................................................................................................... 125

Chapter 6 Smart Trade Exhibition Finder: System Design and Implementation..........126

6.1 STEF: smart trade exhibition recommender system......................................127

6.2 Product taxonomy..........................................................................................128

6.3 Semantic product relevance model................................................................130

6.4 Analysis of the STEF system........................................................................132

6.4.1 Conceptual framework of dynamic personalization...............................132

6.4.2 Data flow diagram of the STEF system........................................  135

6.4.3 Overall procedure of recommendation in the system........................... 136

6.5 STEF: Prototype architecture.......................................................................140

IV



6.6 STEF: System implementation......................................................................145

6.7 Summary....................................................................................................... 147

Chapter 7 Experimental Evaluation and Result Analysis............................................. 148

7.1 Experiment design..........................................................................................149

7.1.1 Data sets and experimental procedure.................................................. 149

7.1.2 Evaluation metrics................................................................................ 150

7.2 Experimental results..................................................................................... 152

7.2.1 Optimal neighbourhood size..................................................................152

7.2.2 Optimal P value.................................................................................... 153

7.2.3 Comparison of recommendation accuracy............................................154

7.2.4 Impacts of different recommendation approaches................................ 155

7.2.5 Discussion of the results........................................................................157

7.3 Summary....................................................................................................... 158

Chapter 8 Conclusions and Further Study......................................................................160

8.1 Conclusions................................................................................................... 161

8.2 Limitations.................................................................................................... 163

8.3 Further study.................................................................................................164

References...................................................................................................................165

Appendix A: Publications during the Ph.D study........................................................185

v



Table of Figures

Figure 2-1 A flow chat of information retrieval/filtering................................................16

Figure 2-2 ‘Personalized recommendation’ page in Amazon........................................ 20

Figure 2-3 Link personalization from Excite’s Mylink page......................................... 21

Figure 2-4 Implicit content personalization in Amazon website.................................... 22

Figure 2-5 Structure personalization in My Yahoo! page.............................................. 23

Figure 2-6 Interface of InfoFinder..................................................................................34

Figure 2-7 An example of the movieLens system interfaces......................................... 41

Figure 2-8 An example of system interfaces in the Entree Chicago..............................42

Figure 2-9 An example of personalized recommendations in Amazon..........................44

Figure 2-10 System interface of Electronic Funding Information.................................45

Figure 2-11 An example of system interface of Expertise Recommender....................48

Figure 3-1 Research steps of the study.......................................................................... 71

Figure 3-2 Methods and approaches used in this study..................................................82

Figure 4-1 DeLone and McLean's model for information system evaluation............... 85

Figure 4-2 An evaluation model of government online services.................................... 86

Figure 4-3 A development model of personalized government online services............ 99

Figure 5-1 Types of CF algorithms............................................................................... 105

Figure 5-2 The process of user-based similarity computation..................................... 108

Figure 5-3 The process of item-to-item similarity computation................................... 109

Figure 5-4 Prediction process of item-based CF algorithm..........................................112

Figure 5-5 Category of recommendation techniques in this study............................... 113

Figure 6-1 A hierarchical product taxonomy tree......................................................... 129

Figure 6-2 An example of the SPR model....................................................................131

Figure 6-3 A conceptual framework of dynamic personalization................................ 133

Figure 6-4 Flow chart of recommendation process...................................................... 136

Figure 6-5 Recommendation procedure.......................................................................137

Figure 6-6 The architecture of STEF recommender system...................................... 142

Figure 6-7 Framework of SSA-based search engine...................................................143

Figure 6-8 Hybrid fuzzy recommendation framework................................................145

Figure 6-9 An example of the STEF system interface.................................................146

Figure 6-10 Member login page.................................................................................. 146

vi



Figure 6-11 User rating page.......................................................................................147

Figure 7-1 Impact of neighbor number on recommendation accuracy MAE...............153

Figure 7-2 Impact of neighbor number on recommendation quality FI....................... 153

Figure 7-3 Impact of P on recommendation accuracy MAE.........................................154

Figure 7-4 Impact of P on recommendation quality FI................................................154

Figure 7-5 Comparison of maximum MAE values.....................................................155

Figure 7-6 Improvement extent of sparsity problem................................................... 156

Figure 7-7 Improvement extent of new item problem.................................................157

vii



List of Tables

Table 2-1 A list of types and techniques of main search engines of the web.................15

Table 2-2 Examples of relevant techniques for improving CF approach...................... 37

Table 2-3 Taxonomy of hybrid types.............................................................................43

Table 4-1 List of constructs, measures and labels.........................................................87

Table 4-2 Comparison of Internal US and External US............................................... 92

Table 4-3 Reliability analysis with Cronbach's a coefficient........................................ 92

Table 4-4 ANOVA results to test relationship between constructs and internal US.....93

Table 4-5 ANOVA results to test relationship between factors and external US.......... 94

Table 5-1 User-item rating matrix..............................................................................117

Table 5-2 Exhibition similarity degree matrix...........................................................118

Table 5-3 Exhibition semantic similarity matrix.........................................................118

Table 5-4 Total exhibition similarity matrix............................................................... 118

Table 5-5 Prediction values of each exhibition...........................................................119

Table 6-1 Industry class from Austrade...................................................................... 130

Table 6-2 Example of products in the different levels.................................................130

Table 6-3 The symbols used in data flow diagrams, their meaning and examples....135

viii



Abstract
With the integration of information from different government agencies, a vast resource 

of information and services may be gathered in one portal. Many businesses have 

difficulty locating the required information and services. In such a situation of vast 

information overload, one of the difficulties facing governments is how to provide 

businesses with information specific to their needs, rather than an undifferentiated mass 

of information. One way to do this is through the development of personalized 

government online services. Indeed, the recent Accenture e-government study indicates 

that personalization techniques in e-government are beginning to emerge. However, 

existing personalization with recommendation techniques focuses on text document 

retrieval and e-commerce product recommendation domain. Personalization and 

recommendation applications in e-government have paid relatively little research 

attention.

Many mechanisms have been developed to deliver only relevant information to web 

users and prevent information overload. The most popular recent developments in the e- 

commerce domain are the user-preference based personalization and recommendation 

techniques. The existing techniques have a major drawback: they are difficulty to 

generate recommendation on one-and-only items, because most of them do not 

understand the item’s semantic features and attributes. Therefore, this study aims to: (1) 

propose a novel approach, semantic product relevance model and its attendant 

personalized recommendation technique, to handle the one-and-only item 

recommendation problem; (2) develop a recommender system prototype, called Smart 

Trade Exhibition Finder, to tailor the relevant trade exhibition information to each 

particular business user, and to assist export business selecting the right trade 

exhibitions for market promotion. Smart Trade Exhibition Finder may reduce 

significantly the time, cost and risk faced by exporters in selecting, entering and 

developing international markets. In particular, the proposed approach can be used to 

overcome the drawback of existing recommendation techniques and enable 

recommender systems to work within a much wider range of problems which cannot 

currently be handled. The outcome of this study will solve the rating data lacking and 

new item problem, and significantly improve the performance compared to existing 

recommendation techniques.
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Chapter 1 
Introduction

This chapter presents an overview of this thesis, and it is presented in the following 

sections:

1.1. Background

This section introduces the background of this study.

1.2. Research problems

This section presents the research problems in this study.

1.3. Research objectives

This section presents the research objectives of this study.

1.4. Significance

This section presents the significance of this study.

1.5. Contributions

This section presents the contributions of this study.

1.6. Thesis structure

This section introduces the structure of this thesis.

1.7. Summary

This section draws a summary for this chapter.
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1.1 Background
The rapid growth of web information leads to the difficulty of locating relevant 

information, much of which is irrelevant for web users. This difficulty in locating 

relevant information is commonly referred to as information overload. In order to 

remedy web users from the problem of information overload, many mechanisms have 

been developed to separate relevant information from those irrelevant ones. One of 

these features is personalization [12, 36, 74, 141, 252], Personalization is concerned 

with building a closer relationship and understanding the needs of individuals or group 

of customers, whether on the Internet or not. Personalization demonstrates the potential 

of intelligent information services that are capable of automatically learning about the 

short and long term needs of individual users, and of customizing the search and 

delivery of information to these users [200], With personalized services and products 

are becoming more common on the Internet, the interest on personalization is 

accordingly growing. Recently IDC, International Data Company ('http://www.idc.com). 

forecasts 212% annual growth in personalization applications over the next decade [12],

In the past ten years, as one of the main applications of personalization, recommender 

system techniques [90, 130, 197, 214, 215] have gained much attention to overcome the 

problem of information overload. A recommender system is a type of software designed 

to aid the social process of indicating or receiving indication about what options are 

better suited in a special case for a certain individual [197], Recommender systems aim 

at automatically filtering out the uninterested items or predicting the interested ones on 

behalf of the users according to their personal preferences. Such systems either predict 

whether a particular user will like a particular item, or identify a set of items that will be 

of interest to a certain user [117], In the past decade, recommender systems were used 

in the different applications, such as email filtering, online news filtering, music, movie, 

expertise finder, and electronic commerce (e-commerce) domain etc. Most existing 

recommender systems adopt two types of techniques: content-based approaches [47, 82, 

122, 173] and collaborative filtering approaches [25, 85, 100, 129, 196], A content- 

based approach relies mainly on content and relevant profiles to offer recommendations. 

A collaborative filtering approach offers recommendation based on the similarity of 

group users. However, these two approaches have their own strengths and weaknesses. 

A hybrid approach combines these two approaches to achieve a better performance.
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Recently, the Accenture e-government study [1] indicates that personalization in e- 

government is emerging. The personalization of e-government services (or government 

online services) can be seen as an evolution of the intentions-based approach. Current 

personalization efforts engage in greater segmentation. So far, less evidence of 

personalization in governments’ approaches to online service can be found. Although a 

few agencies have launched the personalized service, it can only offer simple personal 

profile functions. Thus, implementation appears to still be in its infancy.

Australia has been internationally recognized as one of the leaders in e-government 

development since the early 1990s [91]. Nowadays, Australian government online 

services have lain in the integrated phase, which refers to the integration or link of 

related services that might be provided by the same agency, different agencies, or 

private sector partners. The integrated e-government initiatives eliminate redundant 

systems and significantly improve the government’s quality of customer service for 

citizens and businesses. After the integrated phase, a vast resource of information and 

services may be gathered in one portal, and increasing information overload would 

hinder government online service effectiveness. Intelligent phase is the highest level of 

government online services, and it can employ personalization and recommendation 

techniques as some of most important functionalities.

Thus, this study focuses particularly on adopting recommendation techniques to 

improve intelligent government online services, in particular, the government to 

business (G2B) domain. In this study, government online services refer to those not-for- 

profit services delivered by government agencies in the Internet environment. G2B 

refers to supplying, information gathering and services for business. G2B initiatives are 

to reduce burdens on business, and provide effective and efficient access to information. 

Businesses have started to receive benefits as a result of efforts. For instance, many 

countries have developed the government export services to help business to explore the 

international markets. Success can already be found in services, such as Export portal 

(http://www.export.gov) offered by the U.S. federal government, Austrade 

(http://www, austrade. gov.au) developed by Australian government, UK Trade and 

Investment (http://www.uktradeinvest.gov.uk/'), and New Zealand Trade & Enterprise 

(http://www.nzte.govt.nz/).
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Furthermore, a novel recommendation approach is to be developed to improve the 

performance of existing recommendation techniques. A semantic product relevance 

model is proposed and attempts to develop a personalized recommendation technique to 

help the businesses to choose the right trade exhibitions. As a result, a recommender 

system prototype, named Smart Trade Exhibition Finder, is developed to tailor relevant 

trade exhibition information to particular business web user and to help exporters to 

reduce the time, cost and risk involved in selecting, entering and exploring international 

markets. The outcome of this study will have tremendous significances on overcoming 

the drawback of existing recommendation approaches.

1.2 Research problems
Most existing recommendation research efforts put emphasis on e-commerce and 

information retrievals, and less attention has been paid in e-government domain. 

Recommendation services in e-government cannot apply mechanically traditional 

approaches, because of the different features amongst them. For example, e-government 

is characterized as not-for-benefit and customer-centric online services, while e- 

commerce services lay particular emphasis on the benefits. E-commerce 

recommendation techniques focus on the purchase history of customer to suggest 

products, whereas e-government recommendation demonstrates more effective 

information provision and services.

The motivation for introducing recommendation techniques to e-government is diverse. 

One important issue is that personalized recommendation services are demanded in a 

number of areas of government online services. Furthermore, existing recommendation 

techniques can only be applied within a homogenous type information domain [7], Most 

recommendation applications cannot analyze semantic attributes and features of items, 

nor can these recommendation applications automatically explain about the user models 

or user recommendations. This results in no guarantee of accuracy of the 

recommendation results.

Personalization is one of most important functionalities for personalized government 

online services. The current personalization research efforts pay less attention on the e-
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government domain. Thus, based on the broad literature review, two problems from the 

existing e-government and recommendation research efforts are explored for this study.

The first research problem focuses on:

• How to use recommendation techniques to enhance intelligent government 

online services, particularly, in the context of this study, how to use 

recommendation techniques to help businesses to choose right events, such as 

trade exhibitions?

In this study, an item refers to products, information or services. Existing 

recommendation approaches do not consider the attributes and features of an item. This 

may result in no guarantee of the recommendation performance. Thus, another research 

problem focuses on:

• How to offer recommendations based on the attributes and features of items to 

improve the performance of recommender system?

1.3 Research objectives
This study will have three primary objectives based on the research problems mentioned 

above:

Objective 1: Proposing a development model of government online services to match 

the current government online service practices. This study identifies the relevant 

intelligent techniques and application state in the government online services based on 

the observational study. The model takes personalization applications into account.

Objective 2: Building a recommender system prototype to deal with personalized 

government online services, especially in government-to-business domain, in the context 

of Australia. This study builds a prototype of a personalized recommender system based 

on the proposed development model of government online services and new 

recommendation approaches. This system is expected to be applied in the related e- 

government service domain.

5



Objective 3: Developing a novel hybrid recommendation approach to solve the one- 

and-only item recommendation problems and to improve the performance of existing 

recommendation techniques. The new hybrid approach combines semantic similarity 

analysis with the traditional recommendation approaches. Several experiments will be 

conducted to compare the performance of the proposed approach with traditional ones.

1.4 Significance
The outcomes of this study will display tremendous significances on the following.

Significance 1: The outcome of this study will provide a strategic guidance for e- 

government project managers and developers. It will help to transform the current e- 

government applications and make government online services into a new stage — the 

government agencies offer personalized services to businesses. Generally, e- 

government research has focused on information quality, how information is 

represented and organized, an understanding of web user’s situations and their 

information needs, usability of interfaces, access, privacy, and security issues. This 

study develops a new model of government online services by combining an 

understanding of business’s information needs with personalized recommendation 

techniques to meet web user needs. Without the combination of the two areas, 

personalized government online services will not be able to satisfy completely the 

requirements of businesses. The proposed development model of government online 

services (Objective 1) can be used widely in Australian government departments to 

increase their service quality to Australian businesses, and therefore have the potentials 

to improve e-government developments.

Significance 2: This study applies personalized recommendation techniques in e- 

government, especially in Australian G2B service domain, and tailor advices to each 

business needs. This study explores a novel approach for personalization services 

occurred in e-government G2B domain. Existing recommendation research efforts have 

emphasized on information retrieval (e g. textual documents) and e-commerce (e.g. 

repeated products) recommendation, and paid less attention on one-and-only items 

recommendation in e-govemment services.
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Significance 3: This research results can overcome the drawback of existing 

recommendation approaches, and improve the quality of recommendation and enable 

personalized recommendation techniques to be more widely used in practice. This study 

is therefore significant and innovative. This study develops a new hybrid 

recommendation approach which combines semantic-based similarity analysis 

techniques with the traditional recommendation approaches. Existing recommendation 

techniques have some limitations: (1) recommendations are generated based on the 

customers’ past behavior analysis, and did not consider the combination of items’ 

semantic knowledge and past behavior analysis; (2) existing recommender systems can 

only be applied within a homogenous information domain without considering semantic 

knowledge of items. This study will improve the recommendation techniques in these 

aspects. The outcome of this study shows its advance in technical perspective, since it 

has tremendous significances on improving the existing recommendation approaches.

Significance 4: The proposed approach will also be in the frontier of web-based 

techniques. It can also apply in the e-commerce domain and the other Internet-based 

information locating areas. From the scientific point of view, the semantic-based 

approach and the recommender system developed in this study enable recommender 

system to work within a wide range of recommendation problems which cannot be 

handled currently.

1.5 Contributions
This study has three main contributions:

(1) Firstly, a recommendation prototype is developed and adopted in the e-government 

application. Most existing recommender systems focus on text document retrieval and 

e-commerce product recommendation domain, and recommendation techniques in e- 

government application have paid relatively little research attention. Particularly, in the 

context of this study, a recommender system is developed to tailor the right trade 

exhibition information to individual business needs. There are thousands of trade 

exhibitions held annually around the world. However, it is difficulty to find right ones. 

The recommender system developed in this study can advice the right trade exhibition 

to particular business.
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(2) Secondly, the outcome of this study helps to reduce the rating data lacking and new 

item problem. The traditional collaborative filtering method usually requires web users 

to explicitly input rating about items. It is difficulty to obtain enough rating data. When 

new items come out, the web users know nothing about the items so that rating them is 

impossible. This is called the new item problem for recommender systems [14, 16], The 

item-based collaborative filtering algorithm can alleviate the scalability problem that 

exists in the user-based collaborative filtering algorithm, because the item similarities 

are pre-computed offline. However, the item-based algorithm still suffers from the new 

item problem. Thus, in this study, a semantic similarity algorithm is used to enhance the 

item-based collaborative filtering algorithm.

(3) Thirdly, a novel recommendation approach is developed to handle the one-and-only 

item recommendation problem. Although recommender system techniques have gained 

successful applications in e-commerce domain, most of them do not understand the 

item's semantic features and attributes. In contrast to existing approaches, this study 

integrates semantic knowledge into the traditional approach to generate the 

recommendation. This provides two primary advantages. First, the items’ semantic 

attributes provide additional clues about the underlying reasons for which a web user 

may or may not be interested in particular items - something that is hidden behind the 

rating values in the usual context. This, in turn, allows the system to make inferences 

based on this additional source of knowledge, resulting in improved recommendation 

performance. Secondly, in cases where little or no rating information is available, such 

as in the case of newly added items or in very sparse data sets, the system can still use 

the semantic similarity analysis technique to provide reasonable recommendations for 

web users.

1.6 Thesis structure
This thesis is organized in the following eight chapters:

Chapter 1 Introduction (this chapter)
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This chapter presents an introduction of the thesis, including the research background, 

research problems, research objectives, significance, contributions, and the thesis 

structure.

Chapter 2 Literature Review
This chapter presents the literatures in relevant to this study, including: an introduction 

to information retrieval and information filtering; the concepts, taxonomy and design of 

web personalization; and the approaches, algorithms and relevant techniques in the 

existing research and applications of recommender systems.

Chapter 3 Research Methodology
This chapter demonstrates the related research methodology and the research 

approaches used in this study. It is presented in several sections, including the 

introduction of research methods and process; and the relevant research methods used in 

this study.

Chapter 4 Development Model of Australian Government Online Services
This chapter explores a development model of Australian government online services 

on the basis of the effectiveness evaluation of Australian government online services. 

Web personalization is viewed as the important function based on the new development 

model of government online services.

Chapter 5 Hybrid Recommendation Approaches for One-and-only Items
This chapter presents two novel recommendation approaches explored in this study with 

identification of one-and-only items recommendation problem. One of the 

recommendation approaches is called 'hybrid recommendation approach integrated with 

semantic similarity analysis', and another one is named as 'hybrid recommendation 

algorithm integrated with fuzzy logic'.

Chapter 6 Smart Trade Exhibition Finder: System Design and Implementation
This chapter develops and presents the design and implementation of a personalized 

recommender system, called Smart Trade Exhibition Finder. After introducing the 

concepts of product taxonomy and semantic relevance product model, it shows some
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details in system analysis, prototype architecture, and implementation of the 

recommendation system.

Chapter 7 Experimental Evaluation and Result Analysis
This chapter conducts several experiments to evaluate the performance of proposed 

recommender system. It is represented in two sections, experimental design and 

experimental results.

Chapter 8 Conclusions and Further Study
This chapter draws conclusions of this study, discusses the limitations of this study, and 

suggests some research directions for the further study in the future.

1.7 Summary
This chapter presents an overview of this research. Many businesses have difficult to 

locate the right information. Personalization and recommendation techniques can 

provide a solution for the problem. However, the traditional recommendation 

approaches cannot be applied mechanically in e-government domain because of the 

different features with the existing application domains, for example, e-commerce and 

information retrieval. Therefore, a novel recommendation approach is proposed in this 

study to deal with the recommendation occurred in government online services.

10



Chapter 2 

Literature Review

In this chapter, the relevant research efforts are reviewed. It is presented in the 

following several aspects.

2.1. Information retrieval and information filtering

Recommender system has its root in information retrieval and information filtering. 

Thus, this section reviews the related works on them and it is presented in three parts: 

information overload, information retrieval and information filtering.

2.2. Web personalization

This section gives the details about web personalization. After identifying the concepts 

of web personalization, taxonomy of web personalization are classified. In addition, 

various design methods of web personalization are reviewed.

2.3. Recommender systems

Recommender system is the most relevant topic for this study. In this section, the 

related literatures and the existing recommendation systems, approaches, algorithms and 

techniques are well reviewed and classified.

2.4. Fuzzy logic techniques for recommendation

This section reviews fuzzy logic techniques used in recommendation applications.

2.5. Summary

This section presents a summary of this chapter.
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2.1 Information retrieval and information filtering
2.1.1 Information overload
The web provides a vast amount of information resources. The web users have 

difficulties finding the relevant information since each user has different interests and 

preferences. Although web users can partially obtain assistance from the traditional 

search engines, they are swamped with a deluge of irrelevant retrieve results after 

inputting a few search keywords. The difficulty in locating relevant information is 

commonly referred to as information overload. With respect to web-based information, 

the problem of information overload stems from the underlying factors:

• The huge explosion in quantity of information;

• The web information shows unstructured nature. The information is added in an 

unstructured manner with no adherence to a consistent structure;

• The web information shows dynamic nature. The information available on the 

web is of a transient nature with information published, modified and removed 

in an adhoc manner.

As the Internet has become an increasingly critical information source, many websites 

attempt to develop unique support features for web users to encourage repeated visits. 

Information retrieval and information filtering are the primary technologies that are 

commonly used to address information overload challenges. Information retrieval and 

information filtering systems attempt to provide assistances to the information overload 

problem. The two technologies focus on a particular set of tasks.

• Information retrieval (IR) addresses on tasks involving fulfilling ephemeral 

interest queries.

• Information filtering (IF) focuses on tasks involving classifying streams of new 

content into categories.

2.1.2 Information retrieval
IR is document retrieval and the end user must browse the returned documents to find 

the desired information. The field of IR has evolved from analyzing the letters and 

words that make up the content of documents to the integration of intrinsic document 

properties like citations and hyperlinks to the incorporation of usage data. Content- 

based approaches such as statistical and natural language techniques provide results that
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contain a specific set of words or meaning, but cannot differentiate which documents in 

a collection are the ones really worth reading. Salton [207], a pioneer in IR since the 

1970s, is generally considered to be the father of IR. His vector space model has 

become the foundation for representing documents in modern IR systems and web 

search engines.

Vector space model
Vector space model [209] is based on the statistical occurrence of terms in the user 

profile and documents. The documents are identified by terms. In this approach, both 

the documents and user profile are represented as weighted vectors.

A document D is represented as a vector of dimension m, where m is the total number of 

the terms used to identify content. The importance of each of these m terms is 

represented by an associated weight. D = (wj, wi, ...,vr,..., wmJ, where w, is the weight 

assigned to the i-th term, is written to represent a document of m terms. The user profile 

is represented as P = (pi, pi, .... pu pm)- In order to determine the similarity of the 

document D to the profile P, the dot product, or equivalently the cosine of the angle 

between the vectors, is used as a metric.

/(d;-2>.*a) (2-d
k=\

Several approaches incorporate a learning component to enhance search precision by 

tracking and capturing user feedback or behavior. Generally, their learning features can 

be further classified in terms of three aspects: (1) the user profile representation scheme 

for learning, (2) the user feedback mechanism, and (3) the learning algorithm used. The 

impact of representation of user profile on the personalization performance is much 

greater than the others [123],

The most popular user profile representation scheme is the word frequency vector, 

which originated from the vector space model [209], Learning a user profile based on 

the word frequency vector may result in many biased page hits when using it for 

searching and rating. To overcome this limitation in using the vector space model, many
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researchers have tried to extend the vector space model or incorporate other ways to 

represent the user profde.

Search engine
Web searching is based on traditional IR techniques and is typical based on Boolean 

operations on keywords. A user submits a keyword query to search engine and receives 

the location of any document found in the index which matches the query.

A web search engine usually consists of the following components: spiders - to collect 

web pages from the web using different graph search algorithms; indexer - to index web 

pages and store the indices into database; retrieval and ranking - to retrieve search 

results from the database and present ranked results to users; user interface - to allow 

users to query the database and customize their searches. The problem with this 

approach is that given the size of the web, it takes a long time to spider and to index all 

the relevant web pages, even for domain-specific search engines. Many web pages may 

be spidered, but not indexed, resulting in outdated or incorrect information. According 

to the categories presented by Chen et al. [41] and the latest classification published in 

Searchenginewatch (http://searchenginewatch.com). the types and techniques of main 

search engines are summarized and shown in Table 2-1.

• Major search engines and directories: these search engines are well-known and 

well-used with comprehensive coverage.

• Metacrawlers and metasearch engines: Unlike the other search engines, 

metacrawlers do not crawl the web themselves to build listings. Instead, they 

allow searches to be sent to several search engines all at once.

• pageRanking search engines: the search engines are built up by using page 

ranking technologies.

• Domain-specific search engines: the search focuses on the specific domain.

• Client-side search engines: The search engines reside on the user machine, 

connect with different search engines, monitor web pages for any changes, and 

schedule automatic search.
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Table 2-1 A list of types and techniques of main search engines of the web.

Search Engine Type Name & Reference Characteristics

Major search engines 
and directories
(source:
Searchenginewatch.com,
2004)

Google (http://www.google.com) Google provides the most
comprehensive coverage of the web.

Yahoo! (http://www.yahoo.com) It groups websites into categories, 
creating a hierarchical directory of a 
subset of the Internet.

Ask Jeeves
(http://www.askjeeves.com)

Ask Jeeves depends on crawler-based 
technolog}7 to provide results to its 
users.

Metacrawlers and
metasearch engines 
engines (source:
Searchenginewatch.com, 
2005)

Dogpile (http://www.dogpile.com) Do not keep own indexes. Connects to 
multiple popular search engines and 
integrates the resultsVivisimo (http://vivisimo.com/)

kartoo (http://www.kartoo.com)

pageRanking search 
engine (source: [41],
2002)

Dogpile (http://www.dogpile.com). The search engines allow users to 
submit queries and present the web 
pages in a ranked order.

Infoseek
(http://www.infoseek.com)

Domain-specific search 
engines (source: [41], 
2002;
Searchenginewatch.com,
2003)

BuildingOnline
(http://www.buildlingonline.com)

Specially searching in the building 
industry domain

LawCrawler
(http://www.lawcrawler.com)

Specially searching for legal 
information

Davpop (http://www.daypop.com/) Specially searching for news.

Client-side search
engine (source: [41],
2002)

Blue Squirrel's WebSeeker
(http: //w ww .bluesquirrel. com)

Locates web pages relevant to a 
predefined set of topics based on 
example pages provided by the user. 
Analyzes the link structures among 
the web pages collected.

Copernic 2000
(http://www.copemic.com)
Focused Crawler [40]

The enormous growth of the web makes the search engine less favorable to the user 

because of the large number of pages returned for a single query. Users desire to 

traverse the lists of pages just to find the relevant information. However, given lots of 

potential matches from the billions of pages on the web, user needs even more help. To 

remedy this problem many researchers are investigating more different approaches for 

assisting users in finding relevant information on the web.

2.1.3 Information filtering
IF deals with the delivery of information that is relevant to users in a consistent and 

timely manner. An IF system assists users by filtering the data stream and delivering the 

relevant information to users. Information preferences vary greatly across user; 

therefore, filtering systems must serve the individual interests of the user.

IF is different from IR [20], IR selects data from a fixed data (or document) set, and it 

is concerned with satisfying a user's one-off query. IF typically refers to relevant
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information from a stream of incoming data, which is used to obtain information of user 

profiles presenting a long term interest. Although classic IR [208] has provided 

extremely valuable core technology for web searching, the combined challenges of 

abundance, redundancy, and misrepresentation have been unprecedented in the history 

of IR [39], Meanwhile, the main difference between IF systems and search engines is 

that, while search engines find relevant items in a database, IF systems remove 

irrelevant items from a constant stream of documents.

A diagrammatic presentation of IR and IF process is shown in Figure 2-1. The main 

mechanisms arising in IR and IF systems have three: representation, comparison and 

feedback.

Retrieval/filtering texts

Document set

Representation of 
document set

Representation of user’s 
information need

User feedback

Comparison
algorithm

User’s information need

Figure 2-1 A flow chat of information retrieval/filtering

Representation. Both the web user’s information need (query or profile) and the 

document set (static or dynamic) must be represented in a manner such that the 

computer can make comparison. Representation techniques range from using indexed, 

vector representation or matrices, to the more modern representations, such as neural 

networks and semantic networks.
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Comparison. The comparison mechanisms used are dependent on the underlying 

representations used in the system. The initial primitive systems involve utilizing simple 

string matching algorithms; more advanced systems use statistical operations involving 

vector and matrix calculations; and some contemporary systems use manipulation of the 

network (semantic/neural) via spreading activation search mechanism or propagation 

techniques.

Feedback. To improve the performance of the IR and IF system, a feedback mechanism 

is usually incorporated. This usually involves in the user stating satisfaction or 

dissatisfaction with returned documents. On receiving this feedback, the query is 

usually modified to attain better results and the filtering process begins again. This 

process can be automatic or manual. Searching the web using many of the common 

search engines involves a manual modification - by adding more terms etc. whereas 

other systems involve automatic expansion/modification of profile/query using thesauri, 

and so forth.

2.2 Web personalization
2.2.1 Concept of web personalization
Personalization is not restricted to the Internet. Personalization must be realized at all 

users’ interfaces - the Internet, brick-and-mortar, call centers, and various 

voice/telephone services using automatic speech recognition and text to speech. 

Typically, personalization applications concern call centre and web personalization. 

Call centre communications are changed based on a customer’s answers and varied 

based on the data from that actual visit with historical information about a customer’s 

transactions or past behavior. In this study, personalization specifically implies web 

personalization, and other personalization applications are not taken into account. Web 

personalization offers customized web content, web presentation and website design 

according to a particular user’s preference in the past visits and/or predicted interests in 

the future. Web personalization helps to satisfy the goal of presenting the right 

information to the right people [247],

Many practitioners and researchers are investigating into various issues of web 

personalization. Web personalization represents one of the most promising advances in
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information technology [12], Since web personalization is a rapidly developing field, 

there are still several existing views among researchers and practitioners as to what it 

actually is. In this study, web personalization is shortly represented personalization.

In general, personalization can be defined as any action that tailors the web experience 

to a particular user, or a set of users [167], In the field of web applications, web 

personalization is considered as a process of gathering and storing information about 

site visitors, analyzing the information, and delivering the right information to each 

visitor at the right time [48], Mulvenna et al. [176] define web personalization as any 

action that adapts the information or services provided by a website to the needs of a 

particular user or a set of users, taking advantage of the knowledge gained from the 

users’ navigational behavior and individual interests, in combination with the content 

and structure of the website. The objective of a web personalization system is to 

‘provide users with the information they want or need, without expecting from them to 

ask for its explicitly’ [176], McCarthy [158] defines web personalization as the ability 

to customize each individual user’s experience of electronic content. The author 

perceives this content to take place along a number of dimensions include: (1) different 

sources of content; (2) the arrangement of content on the screen; (3) the delivery 

mechanisms (system or user initiated) and the delivery vehicles (web browser, mobile 

phone, personal digital assistant, etc.). Rather than developing these categories, the 

author extends the discussion of personalization by focusing on adapting 

personalization techniques to ubiquitous computing where users occupy a physical and 

non-virtual space. Kramer et al. [134] view web personalization as an evolving set of 

tools that provide value to the end user.

Eirinaki and Vazirgiannis [74] 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 user’s navigational behavior. The steps of a web personalization 

process include: (1) the collection of web data, (2) the modeling and categorization of 

these data (preprocessing phase), (3) the analysis of the collected data, and (4) the 

determination of the actions that should be performed. Wu et al.[246] argue that web 

personalization should be the adjustment and modification of all aspects of a website 

displayed to a user in order to match that user's needs. This includes modifications to
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the content that is displayed to the user, adaptations of the display itself and of the 

user’s passage through the display, which is the set of links the user might take.

More recently, Adomavicius and Tuzhilin [4] point out that web personalization tailors 

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 knowledge about them, with a certain goal or 

goals in mind. Also, several representative definitions are collected by Adomavicius and 

Tuzhilin [4] from a process-oriented perspective. For example,

• “Personalization is the ability to provide content and services tailored to 

individuals based on knowledge about their preferences and behavior” (

defined by Paul Hagen, Forrester Research, 1999; see [4]);

• “Personalization is about building customer loyalty by building a meaningful 

one-to-one relationship; by understanding the needs of each individual and 

helping satisfy a goal that efficiently and knowledgeably addresses each 

individual’s need in a given context” (- defined by Doug Riecken [200], IBM, 

2000).

2.2.2 Taxonomy of web personalization
2.2.2.1 Classification based on personalization functions

From the broad literature review, the types of web personalization include: link 

personalization, content personalization, structure personalization and control 

personalization.

Link personalization
This strategy involves the selection of navigation links that are more relevant to the 

individual user, changing the original navigation space by reducing or improving the 

relationships between nodes. This approach attempts to select additional relevant links 

for the user, modifying the original navigation space by reducing or improving the paths 

to related web pages [205], Link personalization is successfully used in some e- 

commerce websites to suggest products based on the buying history and preference 

ratings. Users who give similar ratings to similar objects are presumed to have similar 

tastes, so when user seek recommendation about products, the site suggests those that
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are most popular for their class, or those that best correlate with the given product for 

that class.

Link personalization is automatically generated by a set of rules triggered by users’ 

online activities. For instance, when a traveler purchases an airline ticket to Sydney, the 

travel agent can provide additional information that is relevant, such as hotel, excursion 

and restaurant, to the airline ticket order web page. Optionally, the travel agent can send 

an email with the additional information. Link personalization can be combined with 

other types of personalization techniques, and it does not consider a user’s personal 

preferences or prior purchase behavior [246], The typical examples are Amazon.com 

(http://www.amazon.com) and Excite.com (http://www.excite.com).

Amazon.com develops a type of link personalization to connect the home page with 

recommendations, new releases, shopping groups, etc. Amazon.com has taken this 

approach to an extreme by building a ‘personalized recommendations’ page, as shown 

in Figure 2-2, and presenting it to each user, with those new products in which he/she 

may be interested. Another example is often found in paper review systems. Each 

reviewer is presented with a set of links to the articles he/she will review, which may 

have been assigned manually by a review committee chair, or just computed using a 

description of the reviewer’s expertise. Implementing this latter example of 

personalization is easier than the previous one, even though their specifications are 

similar.
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Link personalization can be implicit or explicit. Figure 2-3 shows an example of explicit 

link personalization used by the Excite portal. Based on an online registered personal 

information such as zip code, birthday and interested information, the website 

customizes user’s experience with features like local weather, movie and TV lists, and 

horoscope. The user is able to specify links of personal interest that will then be 

continually displayed whenever the user accesses the Excite website. The user can 

select the interested content and layout to be presented in the Mylink page.
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Figure 2-3 Link personalization from Excite’s Mylink page

Content personalization
Content personalization means that each user sees a different content [157], It can be 

seen that content is personalized when nodes (pages) present different information to 

different users. The difference with link personalization is subtle since that, when links 

are personalized, part of the contents (the link anchors) present different information. 

Elowever, we refer to content personalization when substantive information in a node is 

personalized, other than link anchors [205], In order to provide optimized information 

for users, contents are selected using filtering techniques such as content-based filtering 

or collaborative filtering. Content-based filtering techniques are usually used to support 

explicit content personalization, whereas collaborative filtering techniques are usually 

used for implicit content personalization. However, these boundaries are not strictly 

followed by web developers [246], Figure 2-4 presents an example of implicit content 

personalization shown in Amazon.com website. In this example, the user receives

21



recommendations for new books based on prior purchases of the user and other buyers 

who have purchased similar books.
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Figure 2-4 Implicit content personalization in Amazon website

Content personalization is often provided to individual users on the portal pages, which 

is presented as the first page of a website. The evidences of personalization features can 

be found from some popular commercial websites, such as Yahoo! and Amazon.com. 

Yahoo! allows a user to customize the contents as well as the presentation of the My 

Yahoo! page [154], Amazon.com suggests books based on a user’s purchasing history.

Structure personalization

Structure personalization usually appears in those websites that filter the information 

which is relevant to the user, showing only sections and details in which the user may 

be interested. The users may explicitly indicate their preferences, or it may be inferred 

(semi-) automatically from their profile or from his/her navigation activity. For example, 

in My Yahoo! (http://my.yahoo.com) page, shown in Figure 2-5, users choose a set of 

modules (from a large set of including news, sports, money, health, entertainment, etc.) 

and further personalize those modules choosing a set of attributes of the module to be 

perceived. Some automatic personalization may occur by using the post code of user, 

for instance to select which sport events he/she may be interested in.

22



Figure 2-5 Structure personalization in My Yahoo! page

Control personalization

Control is the ability to interrupt, modify, continue or terminate a process once it has 

been started. Control personalization refers to the amount of control that is given to the 

user over their personalization [246], In fact, it is a meta-level form of personalization. 

For example, although a system may implicitly personalize a system for a user, control 

personalization would allow the user to decide whether to accept the level of 

personalization provided by the system or not. Many websites request multiple pieces of 

information from a user before they allow a user to use various features or web pages. 

Control personalization would allow a user to bypass such requests. Other websites 

provide recommendation services for various products stemming from previous 

purchases. A user with a high degree of control personalization would be given the 

opportunity to stop those recommendations. An alternate form of control 

personalization associated with recommendations is one in which the user would be 

able to specify the quality of the recommendations, thus adapting them further to their 

needs. Control is an important aspect of user personalization. Turoff and Michie [12] 

have noted that the degree of control given to a user strongly affects a user’s satisfaction 

with a given information system. Thus, any control personalization in a website has to 

be carefully tailored to support the wide range of computer-naive to computer-savvy 

user the site will accommodate.
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Context personalization is a type of control personalization. A ‘navigation context’ is a 

set of nodes (screens or information) that are required to be viewed and acted on in 

sequence if a user desires to carry out a particular transaction with a web site. A 

sequence of web pages requiring a user to provide a shipping address and credit 

information for a purchase is an example of context navigation. Context gives the user 

the ability to know where they are and what they are doing in a complex process or task. 

Context personalization can be implicit or explicit. For example, Amazon.com allows 

users to compress the payment process into one mouse click, which is an example of 

explicit context personalization. The example of implicit context personalization is that, 

in some systems, the user is automatically led through a sequence of web pages based 

on the current user’s task or preferences. The system may know from prior visits that 

the user wishes to do their own seat selection on an airline trip he or she has just 

purchased. The system then leads the user through a set of cabin displays showing 

which seats are available for the flight class purchased.

2.2.2.2 Classification based on personalization techniques

Most personalization systems may be identified as collaborative filtering systems and 

content-based systems [74, 167, 247], Collaborative filtering systems invite users to rate 

objects or divulge their preferences and interests, and then return information that is 

predicted to be of interest to them. This is based on the assumption that users with 

similar behavior (e g., rating similar objects) have analogous interests. Content-based 

systems usually rely on content similarity of web documents to personal profiles 

obtained explicitly or implicitly from users. The system tracks each user’s behavior and 

recommends items that are similar to the items that the user liked in the past.

2.2.2.3 Classification based on user types

Based on the user types, personalization can be classified into two main categories: 

customer-driven and business-driven personalization. Customer-driven techniques allow 

customers to visit a site faster and more effectively. These techniques are normally 

operated under the customer’s control; therefore, they provide contents that dynamically 

respond to customer preferences and requirements. An example of customer-driven 

systems is search engine. Business-driven techniques use an algorithm to automatically 

select customized content or product recommendations to deliver to customers. These 

systems are often designed to learn user behaviors over time. Furthermore, the business-
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driven techniques can be classified as two types: rule-based and profile-based 

techniques.

Rule-based technique generally asks users to answer a set of questions. Then users are 

classified into categories based on their demographic data and static profiles collected 

from the questions. This technique examines site activities and other data to find trends 

and patterns that will be set as business rules. These rules are employed to suggest 

products or services to individual user based on a user category. For example, 

Broadvision (www.broadvision.cotn) allows website administrator to specify rules to 

determine the contents served to particular user needs. Rule-based technique is 

dependent on a great deal of up-front analysis of customer and sales data. Once this 

analysis is completed, the project team can design a set of complex business rules to 

deliver the personalized presentation of website. Although this approach is effective, it 

forces companies to keep business rules simple and relatively static [97], The 

enterprises may successfully provide customers with personalized content by matching 

an offer to their needs, but this personalization process cannot last very long. As the 

enterprises attempt to deliver more targeted content for multiple products and channels, 

the number and complexity of the rules grow exponentially. Thus, maintaining this 

complex set of rules cost prohibitively. However, the performances of these systems are 

only as good as the rules that marketers define, and only as good as the customer data 

that they have to work with. Therefore, it is very useful to do more sophisticated 

analysis on customer behaviors and preferences to have a wealth of data about 

customers.

Profile-based technique generates personalized services based on user profile. A profile 

is the collection and segmentation of customer data. Personalization is the result of 

using customer profile information as well as other data to present content, advertising, 

products, and so forth, particular to an individual or a group of individuals. It tailors a 

customer's experience by using information that is known, interpreted or predicted 

about them. In order to be able to purchase or receive advanced services from most 

websites, users are required to register and enter personal information (user profile) 

such as gender, age, interests, etc. The web system stores this information in a database 

on the web server. Web system also uses the user profile for personalized services. The 

user’s post code provides economical information so that the system can reorganize
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products with prices that the user might find reasonable according to a user’s profile. 

For example, a featured wine sale might not be advertised to users residing in an area 

known to have a depressed economy [246], Profile-based personalization techniques 

can become more sophisticated by allowing enterprises to profile customers into a small 

number of distinct segments. Business rules are developed to personalize content based 

on a visitor's profile [97],

In addition, some researches have considered that cookies as one type of web 

personalization applications. However, cookies lack of ability to learn user behaviors. In 

this study, cookies are considered as a technique of web design for creating the user 

friendly websites. Cookies are a small program stored on a user’s local machine. 

Cookies are created when users first interact with a website. Some simple user 

information such as name, phone number and post code are stored on the users’ 

computer, when the users log in next time a welcome greeting can be obtained.

2.2.2.4 Classification based on application domains

Web personalization is experiencing widespread adoption in web application areas, for 

instance, e-commerce and web navigation. Web personalization has been assumed to 

have an enormous industrial impact, which has caused the appearance of a menagerie of 

commercial products, claiming support to the personalization process. Personalizing a 

website is a key ingredient of the success of business-to-customer Internet applications, 

because it makes information browsing more effective by offering each individual user 

a narrower but more focused range of contents, which is a prime factor for improving 

customers' idealization [157],

Three types of personalization application have been identified: personalized web 

search [190], adaptive website [187] and one-to-one recommender system. An adaptive 

website is modifying the content and structure of a website to suit an individual user. 

Personalized search tailors the search results to the individual user's needs. One-to-one 

recommendation has the capacity to guarantee the delivery of the right information to 

the right user at the right time. Rapid development of different personalization 

technologies has been observed in recent years, where recommender system is the most 

important one. More details are provided below.
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Personalized web search
Search service providers, web portals, and amalgamations of community websites could 

all help users to locate information by adopting the current generation of knowledge 

management systems, particularly those with effective information extraction 

capabilities. The popular method for finding Internet resources is through directories 

and search engines. Directories allow a user to manually browse a hierarchy of 

categories to find appropriate websites. Search engines take a user's query and 

automatically search their database to return matching results. Many different search 

engines are available on the Internet. Each has its own characteristics and employs its 

preferred algorithm in indexing, ranking and visualizing web documents [41], However, 

current web search engines are built to serve all users, and independent of the special 

needs of any individual user. When the same query is submitted by different users, a 

typical search engine returns the same result, regardless of who submitted the query. 

This is difficult to meet individual users’ information needs. Personalized web search is 

to carry out retrieval for each user incorporating the personal interests. A number of 

research efforts on personalized web search can be found in the literatures. In the area of 

personalized web search, WebMate [43] uses user profiles to refine user queries, but no 

experimental results are given. Liu et al. [152] suggest a technique to learn user profiles 

from users’ search histories. Then the user profiles are used to improve retrieval 

effectiveness in web search. Pretschner and Gauch [191] propose an ontology-based 

personalized search approach.

Also, Pitkow et al. [190] suggest that a contextual computing approach may prove a 

breakthrough in personalized search efficiency. Contextualized computing approach 

toward the personalization of search is the next frontier of significantly increasing 

search efficiency. Context computing refers to the enhancement of a user’s interaction 

by understanding the user, the context, and the application and the information being 

used, typically across a wide set of user goals. With respect to personalized search, the 

contextual computing approach focuses on understanding the information consumption 

patterns of each user, the various information foraging strategies and applications they 

employ, and the nature of the information itself. The benefits of personalized search can 

be significant, and appreciably decrease the time it takes people - novices, experts and 

alike - to find information. Two different computational techniques, contextualization 

and individualization, can be combined to form personalized search. Contextualization
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means the interrelated conditions that occur within an activity. Individualization means 

the totality of characteristics that distinguishes an individual. Contextualization includes 

factors like the nature of information available, the information currently being 

examined, the applications in use, and so on. Individualization encompasses elements 

like the user’s goals, prior and tacit knowledge, past information-seeking behaviors, 

among others. These elements are used to computationally build a user model.

Adaptive websites
Adaptive websites [185] offer the ability of website customization, where users build 

their own web user interface by selecting from channels of information. A user has the 

ability to become a web designer and an editor by allowing them to construct 

personalized pages. From this perspective, a personalization system is viewed as any 

piece of software that applies business rules to profiles of users and content to provide a 

variable set of user interfaces. The approach followed in these personalization 

applications is that the user should be able to build own page; even layout may be 

customized. Nevertheless, at the point, it is necessary to stress the difference between 

layout customization and personalization. With respect to layout customization, the 

website can be adjusted to each user’s preference regarding its structure and 

presentation. Every time a registered user logs in, their customized home page is loaded. 

This process is performed either manually or semi-automatically. For a personalization 

system, modifications concerning the content or even the structure of a website is 

performed dynamically [74],

Coenen et al. [54] propose a framework for self-adaptive websites, taking into account 

the site structure except for the site usage. The authors underline the distinction between 

strategic changes, referring to the adaptations that have important influence on the 

original site structure, and tactical changes, referring to the adaptations that leave the 

site structure unaffected. The proposed approach is based on the fact that the methods 

used in web usage mining produce recommendations including links that do not exist in 

the original site structure, resulting in the violation of the beliefs of the site designer and 

the possibility of making the visitor lost following conceptual but not real links. 

Therefore, they suggest that any strategic adaptations based on the discovery of frequent 

item sets, sequences, and clusters should be made offline and the site structure should 

be revised. On the other hand, as far as the tactical adaptations are concerned, an
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algorithm for making online recommendations leaving the site structure unaffected is 

proposed.

Artificial intelligence techniques have been used to create the adaptive website, which 

can improve the website’s organization based on the user access log with the 

assumption of each originating computer corresponding to a particular user. Perkowitz 

and Etzioni [184, 185] are 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 propose 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 propose PageGather, an algorithm 

that uses a clustering methodology to discover web pages visited together and to place 

them in the same group. In a more recent work, Perkowitz and Etzioni [186] move from 

the statistical cluster mining algorithm PageGather to IndexFinder, which fuses 

statistical and logical information to synthesize index pages. In this latter work, they 

formalize the problem of index page synthesis as a conceptual clustering problem and 

try to discover coherent and cohesive link sets that can be represented to a human 

webmaster as candidate index pages. The difference is that information is also derived 

from the site’s structure and content. Therefore, IndexFinder combines the statistical 

patterns gleaned from the log file with logical descriptions of the contents of each web 

page in order to create index pages.

One-to-one recommender system
Through recommender systems, customers automatically receive different levels of 

treatment based on past behavior. From this perspective, personalization has the same 

meaning as recommender systems. Recommender systems provide personalized 

recommendations based on users’ preferences. As far as recommender systems are 

concerned, the most popular example is Amazon.com. The system analyzes past 

purchases and posts suggestions on the shopper’s customized recommendations page. 

Users who haven’t made a purchase before can rate books and see listings of books they 

might like. The same approach, based on user ratings, is used in many similar online 

shops, such as CDNOW.com.
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2.2.3 Design of personalization systems
In recent years, conceptual web modelling has emerged as an important approach to 

design and develop web applications: Works in this field propose that the design of web 

application is obtained by addressing three different models [157]: content, hypertext 

and presentation. The data model is generally devoted to the description of data content 

of the website; the navigation model describes the hypertext of the application, and 

presentation model deals with the description of the graphical representation of pages. 

The designer can use one of these approaches to create even personalized web 

applications; but there are very few explicit conceptual primitives supporting the 

modeling and designing of personalization requirements. Ramakrishnan [195] propose a 

modeling methodology, called ‘personalization is partial evaluation (PIPE)’, for the 

design of personalization systems. Personalization systems are designed and 

implemented in PIPE by modeling an information-seeking interaction in a 

programmatic representation. The representation supports the description of 

information-seeking activities as partial information and their subsequent realization by 

partial evaluation, a technique for specializing programs.

The degree of personalization has been considered in the design of personalization 

systems. Wu et al. [246] present a rough categorization framework for organizing the 

various types of personalization applications by classifying websites into high, medium 

and low personalization support and apply it to a set of well-known websites such as 

Amazon.com. Also this paper discusses why various website have high or low degree of 

personalization, and how personalization might have little or large impact on a 

website’s achieving its attended goal (e.g. sales, customer service, information 

dissemination, etc ). Wang et al. [242] examine the meaning of personalization and 

argue that personal information needs as well as emotional or mental needs should be 

taken into account. Their study assigns a new characteristic that can be included in the 

filtering out of unnecessary information: the conformity behavior. Their study compares 

the effects of four personalization mechanisms on subjective decision quality. The 

results show that pure conformity is better than target conformity, and collaborative 

filtering is better than no filtering.
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2.3 Recommender systems
Recommender system is one of most popular applications of personalization techniques, 

and has emerged as an independent research area since the mid-1990s [5], The roots of 

recommender systems can be traced back to the extensive work in cognitive science 

[199], information retrieval [208] and other scientific research areas, recommender 

systems also have links to management science [177], Recommender system researches 

attract many researchers and practitioners from different areas, for example, e- 

commerce, machine learning, data mining, human computer interface, and so forth. 

However, these research are kept in segments and the adoption of recommendation 

approaches depends on what a recommender system attempts to suggest. This section 

reviews the literatures in relevant to recommender systems.

2.3.1 Concept of recommender systems
There is not a single definition of recommender system which includes all applications 

and aspects. Early recommender systems are originally referred to as collaborative 

filtering systems. Such systems use the opinions of community members to help 

individuals to identify the information or products most likely to appear interesting to 

them or relevant to their needs [130], These early recommender systems help users to 

sift a large number of documents like Usenet news articles or web pages, and address 

two challenges that are difficulty to resolve for keyword-based information filtering 

systems: The first one deals with the problem of overwhelming numbers of on-topic 

documents by filtering based on human judgment about the quality of those documents. 

The second one refers to the problem of filtering non-text documents based on human 

taste. For example, Ringo's system [223] applies collaborative filtering technique to 

recommend music to individuals and later research and commercial systems apply the 

same techniques to other art forms.

Although recommender systems are derived from information retrieval, recommender 

systems are distinguished from typical retrieval systems by emphasizing the modeling 

of the user characteristics and user-item interaction in the systems [110], Traditional 

information retrieval systems typically focus on providing relevant information items 

that correspond to queries, which can be viewed as the explicit form of user preferences. 

Recommender systems emphasize not only the explicit form of user preferences but
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also the modeling of latent user preferences. Recommender systems can improve 

traditional information retrieval systems and can also cover broader new web 

applications, for instance e-commerce, e-learning and e-government, except the textual 

document.

Recently, Karypis [117] 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 [117] definition, the tasks of recommender systems fall into two

fold:

• Task 1: prediction. Recommender systems attempt to predict some items of 

services or products that a particular user may be interested in.

• Task 2: top-N recommendation. Recommender systems identify N items that 

will be of interest to a particular user.

2.3.2 Existing recommendation approaches
Various approaches for recommender systems have been developed that utilize either 

demographic, content, or historical information. Such a system suggests information 

based on user's preference and past behaviour. Four approaches are used in existing 

research efforts, namely content-based (CB) filtering, collaborative filtering (CF), 

knowledge-based (KB), and hybrid approach. In this section, these techniques are 

presented in more details.

2.3.2.1 CB approach for recommendation

CB recommendation approach extracts item characteristics and compares them with 

users’ profile for predicting the users’ preferences over the items. CB approach has been 

adopted in the information retrieval society. A CB recommender system attempts to 

suggest web items that are similar to what a particular user has been interested in the 

past. Recommendation generation is based on comparison between textual content and 

user profile. Balabanovic and Shoham [16] define a pure CB recommender system as 

"one which recommendations are made for a user based solely on a profile built up by 

analyzing the content of items that user has liked in the past. "
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A number of CB techniques have been used. The simplest one is keywords matching, 

with the user profile represented by appending the keywords of highly rated items' 

description [16, 52], CB techniques use personal profiles of users and recommend other 

items or pages based on their content similarity to the items or pages that are in the 

user’s profile. The underlying mechanism in these systems is usually the comparison of 

sets of keywords representing pages or item descriptions. The other examples of CB 

approach are as follows. Mooney and Roy [173, 174] propose a CB book 

recommending technique using learning for text categorization. Gauch et al. [82] 

develop a real time video scene detection and classification. Cheng and Yang [47] 

conduct a content-based access method for video databases.

In addition, WebWatcher [13], WebMate [43], and Websail [46] also fall into CB 

category. Furthermore, some techniques are used to improve the traditional CB 

approach. Fleischman and Hovy [78] adopt a natural language processing approach for 

recommendation without user preferences. Carenini et al. [38] apply a set of techniques 

to intelligently select what information to elicit from user.

On the other hand, while CB systems perform well from the perspective of the end user 

who is searching the web for information, they are less useful in e-commerce 

applications, partly due to the lack of server-side control by site owners, and partly 

because techniques based on content similarity alone may miss other types of semantic 

relationships among items [62], Thus, latent semantic indexing (LSI) attempts to 

overcome the problems associated with word-based methods, especially the vector 

space approach, by organizing textual information into a semantic/conceptual structure 

more suitable to information retrieval. The latent semantics refer to the inherent 

underlying associations between words used to express a particular concept [105], The 

advantages of LSI for information filtering/retrieval are increased efficiency over 

methods such as the vector-space model due to reduced vector sizes, and filtering at a 

level above that of lexical level. The main disadvantage of this approach is the difficulty 

in determining the number of dimensions; too many dimensions and the system reduces 

to the vector space model; too few and loss of context arises resulting in coarse-grained 

filtering.
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Ontology-based similarity measures are used as more sophisticated content-based 

techniques. Middleton’s [163] study on ontological user profiling is an example of 

applying content-based techniques to the recommendation problem, which describes the 

use of an ontology of research article topics that is used to build more effective profiles 

of user interests for use in a recommender system.

Although pure CB approach has been improved by many other techniques, it still 

displays several limitations. (1) It can only capture partial information on item 

characteristics, usually textual information, while other content information, such as 

audio or visual information, are ignored. Thus, CB approach tends to recommend items 

with similar characteristics. (2) Even with a properly chosen representation. CB 

recommender systems can only recommend items similar to what the user has indicated 

interest before, without any clue to explore other potential interests of the user.

InfoFinder- an example of CB recommender system
The typical example of CB recommender systems is InfoFinder [137], shown in Figure 

2-6. More details are stated as follows.
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Figure 2-6 Interface of InfoFinder

InfoFinder is an intelligent agent that learns user information interests from sets of 

messages or other online documents that users have classified. InfoFinder learns 

profiles of user interests from sample documents that users submit while browsing, 

without surveying them as to their interest in a set of sample documents. This makes
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InfoFinder significantly easier to use than other preference-learning agents, and also 

changes the natures of the learning. InfoFinder's approach performs well in a number of 

ways. Firstly, the agent uses heuristics to extract significant phrases from documents for 

learning rather than using statistical techniques. This enables it to learn highly general 

search criteria based on a small number of sample documents. Secondly, the agent's 

induction algorithm is based on the observation that sample documents in such an 

application will not be uniformly distributed, because of the fact that users will tend to 

classify positive examples. Thirdly, the agent learns standard decision trees for each 

user category. These decision trees are easily transformed into search query strings for 

standard search systems rather than requiring specialized search engines, and are 

significantly more expressive than other representations such as positive and negative 

word lists.

2.3.22 CF recommendation

CF approach is different from CB: CF approach recommends items other similar users 

have liked, rather than recommend items an active user has liked in the past. CF 

computes similarity of the user, rather than the similarity of items. Typically, in CF- 

based approach, one identifies users whose tastes are similar to those of the given user 

and recommends items they have liked. Given a set of items, users can express their 

ratings of items they have tried before. The recommender can then compare the user's 

ratings to those of other users to find the ' most similar1 users based on some criteria of 

similarity and then recommend items that similar users have liked in the past. Scores for 

unseen items are predicted based on a combination of the scores known from the nearest 

neighbors.

Many researches have conducted by CF approach. For example, Schafer et al. [214] 

propose a recommender system in e-commerce by applying CF approach. Kohrs and 

Merialdo [127] present an application of CF for user adaptive websites. McNee et al. 

[161] propose the recommending of citations for research papers. The traditional CF 

uses user-based algorithms. Such user-based CF recommendation techniques have been 

known to be the most popular recommendation technique that has been used in a 

number of different applications such as recommending web pages, movies, articles and 

products. However, their widespread use has exposed several limitations [52, 210],
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• Sparsity problem. The typical CF recommender systems require explicit non

binary user ratings for similar products. In reality, most commercial 

recommendation systems deal with tens of thousands of users and items (e.g. 

amozon.com recommends books and CDnow.com recommends music albums). 

In these systems, each user may rate very less items and the number of ratings 

obtained is very small compared to the number of ratings that need to be 

predicted. This results in the ratings matrix very sparse and difficulty to find 

user neighbors. As a result, CF based recommendations cannot accurately 

compute the neighborhood and identify the products to recommend. The 

prediction and recommendation based on such sparse data tend to be unreliable.

• Scalability problem. The typical CF recommender systems use nearest 

neighbor algorithms to compute user similarity. These algorithms to find the 

neighborhood usually require very long computation time that grows linearly 

with both the number of users and the number of items. With millions of users 

and items, a typical recommender system running existing algorithms will suffer 

serious scalability problem.

• New item problem. The new item problem [52] means that pure CF cannot 

provide a prediction when an item first appears since there are no or less user 

ratings on items. In practice, many new items are daily or weekly added into the 

system. The new items have been rated by very few users, and these items are 

difficult to be recommended. Moreover, early predictions for the item will often 

be inaccurate. Similarly, even an established system will provide poor 

predictions for each new user that enters the system. As an extreme case of the 

new item problem, when a CF recommender system first begins every user 

suffers from the new item problem for each item.

A number of research efforts have applied to some different techniques (i.e. agent, 

machine learning, data mining and web mining, etc.) and attempt to reduce the impact 

of shortcoming and limitations that exist in the current CF approaches. Table 2-2 shows 

some examples of these relevant techniques and references.
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Table 2-2 Examples of relevant techniques for improving CF approach

Relevant techniques References
Agent for CF Sarwaret al. [213],1998; Good et al. [87], 1999;
Clustering for CF Ungar and Foster [239], 1999; O'Conner and

Herlocker [181], 1999;
Bayesian model for CF Codliff et al.[55] 1999; Miyahara & Pazzani [165],

2000;
Decision tree for CF Cho, et al. [50] 2002;
Association rule mining for CF Lee et al. [143] 2001; Lin et al. [148], 2002;
Machine learning for CF Roh et al. [203] 2003.

To deal with sparsity and scalability problems, many researches have explored 

alternative algorithms to reduce the impact of problems. Good et al. [87] suggest to 

combine personal information filtering agents with CF to produce a better 

recommendation. Roh et al. [203] propose a three-step CF recommendation model, 

which is composed of profiling, inferring, and predicting steps while considering 

prediction accuracy and computation speed simultaneously. Fluang et al.’s paper [109] 

on associate retrieval takes a different approach toward addressing the challenge of 

sparsity in a recommender system. It explores how a spreading-activation algorithm can 

help to improve recommendation quality for users by helping to exploit transitive 

association. Intuitively, this addresses one of the challenges of pure CF algorithms.

The approaches to reduce the sparsity can be classified into three categories: implicit 

ratings, item-to-item correlation, and hybrid filtering. (1) The implicit ratings attempt to 

increase the number of ratings through observing users’ behavior. For example, some 

attempt to bridge the sparsity by incorporating semi-intelligent filtering agents into the 

system [87, 213], These agents evaluate and rate each item using syntactic features. By 

providing a dense ratings set, they help to alleviate coverage and improve quality. The 

filtering agent solution, however, did not address the fundamental problem of poor 

relationships among like-minded but sparse-rating users. Also, web usage mining is 

employed to increase user rating. It collects the users’ web click data as implicit ratings. 

(2) item-to-item correlation analyzes the user-item representation matrix to identify 

relations between different items and then to use these relations to compute the 

prediction score for a given user-item pair. These techniques do not require identifying
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the neighborhood of similar users when a recommendation is requested. As a result, 

they tend to produce much faster recommendations [211], (3) The hybrid filtering 

approaches combine CB and CF for augmenting sparse preference rating. These 

approaches use CB technique to convert sparse user profile into dense one, and attempt 

to generate more accuracy recommendation.

To address the scalability problem, a variety of approaches have been developed. These 

approaches fall into two categories: dimensionality reduction and model-based 

approaches. LSI is a popular technique to reduce dimensionality. This technique uses 

singular value decomposition (SVD) to factor the original rating space into three 

matrices and performs the dimensionality reduction by reducing the singular matrix. It 

captures the similarity between users and items in a reduced dimensional space [212], 

The model-based approach first build a model based on the rating matrix and then the 

model is used to generate recommendation. Although building a model is a time

consuming task, the model execute can be rapidly completed. For example, Bayesian 

network, clustering, and association rule have been applied to the model building.

Also, recent studies suggest that using the techniques of web usage mining generates 

recommendations, which aims to reduce the needs of acquisition of user ratings or 

registration-based user preferences in CF. Cho et al. [50] propose a personalized 

recommendation methodology based on web usage mining, which uses decision tree 

induction to minimize recommendation errors by making recommendation only for 

customers who are likely to buy recommended products. The authors suggest methods 

to learn the customer preference and the product association from click-stream. Lee et al. 

[143] use association rule mining to find similar users and web object association rule. 

For each user, a similar user group is discovered and those users' web transaction 

information is utilized to generate web object association rule database.

As the pure CF recommender systems, the following systems have well been known in 

the recommendation research community.

Tapestry
In the academic community, Tapestry [85] is considered as the first recommender 

system to support pure CF techniques. It is developed to aid users in the management of
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incoming news articles or e-mails and specifically for people working in work-groups. 

Users can use content filters to select articles and can retrieve/filter articles based on the 

recommendations of other users. On reading articles, users are asked to provide a rating 

of the articles. The limitation, as Shardanans and Maes [223] point out, is that, in order 

to receive recommendation articles, users must know in advance the names of the 

authors who have previously recommended the articles. It suffers from some 

drawbacks: lack of privacy; users do not know whom they are getting recommendations 

from; it requires explicit user interaction; and the formulation of the collaborative 

relationships still remains the task of the user.

Siteseer
Siteseer [206] is a personal web navigation recommender system. Siteseer provides web 

pages which have been bookmarked by the active user's virtual neighbors, giving 

preference to pages drawn from folders with the highest overlap as well as those held 

within multiple folders in the neighborhoods. Siteseer utilizes each user's bookmarks as 

an implicit declaration of interest to predict and recommend relevant web pages. 

Siteseer treats folders as a personal profile which enables it to contextualize 

recommendations in classes defined by the user. Over time, Siteseer learns each user's 

preferences and the categories, and also, it learns for each web page how different 

communities or affinity based clusters of users regard it. Finally Siteseer delivers 

personalized recommendations of online content, web pages, organized according to 

each user's folders. However, Siteseer has intrinsic limitations because it is almost a 

pure CF system and not much user folders and bookmarks.

Ringo and Bellcore
Ringo [223] and Bellcore [103] allow recommendation of CDs and videos respectively. 

The advantage of both systems is that they allow CF of a diverse range of media, not 

just text-based, while the disadvantages are that they requires explicit user interaction 

and cover a very limited domain.

Phoaks
Phoaks (People Helping One Another Know Stuff) [234] is a CF recommender system 

that suggests website based on the frequency of mention of URL’s in newsgroup
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postings. One of the advantages is that it requires little user interaction. Unfortunately it 

operates over a limited domain.

GroupLens
GroupLens [196] is a distributed system for gathering, disseminating, and using rating 

from some users to predict other user’s interests in articles. It is based on the premise 

that users within a group known to have similar interests will have similar interests in 

the future. Ratings are submitted by users upon reading an article posted to a newsgroup. 

A rating scale of 1-5 exists, a score of 1 indicating that the article is not relevant or not 

worth reading, while a score of 5 signifies that the article is relevant and worthy of 

reading. The users’ ratings are distributed via the Usenet propagation scheme. The user 

ratings are posted to newsgroups dedicated to the posting of GroupLens ratings. The 

scoring method used is based on the heuristic that people who agreed in the past are 

likely to agree again in the future, especially if the article is from the same newsgroup. 

The main difficulties with GroupLens are the limited number of newsgroup catered for 

and the time required for a user to rank all articles read for this system to be effective. It 

requires explicit user interaction, and a high volume of users to submit 

recommendations.

MovieLens (http://movielens.umn.edu/) is a typical CF-based online movie 

recommender system based on GroupLens technology. It collects movie preferences 

from users and then groups users with similar tastes. Based on the movie rating 

expressed by all the users in a group it attempts to predict for each individual their 

opinion on movies they have not yet seen. Meanwhile, it is also an experimental data 

source relating to recommender systems. An example of the system interfaces is shown 

in Figure 2-7.
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Figure 2-7 An example of the movieLens system interfaces

2.3.2.3 Knowledge-based recommendation

A third type is knowledge-based recommender systems, which attempts to suggest 

items based on inferences about a user’s needs and preferences. Such systems use 

knowledge in relevance to users and items to generate recommendations. In some sense, 

all recommendation techniques could be described as doing some kind of inference. A 

knowledge-based recommender system avoids gathering information about a particular 

user because its judgments are independent of individual taste [33], Some of these 

systems employ case-based reasoning (CBR) techniques for knowledge-based 

recommendation, such as restaurant recommender Wasabi Personal Shopper (WPS) 

[32], CBR [128] methods attempt to find solutions of new problems by adapting 

solutions of old problems likely to have similar solutions. CBR is a computational 

paradigm and has a case library. In a case library, each case describes a problems and a 

solution to that problem. The reasoner resolves new problems by using relevant cases 

from the library. To solve a problem, a CBR method can retrieve a case that is similar to 

the current one from its library. The retrieved case is used to suggest a solution which 

then reused and tested for success. The solution can be revised if necessary. Finally the 

new problem and its solution are retained as a case in the case library.

Three types of knowledge are involved in knowledge-based recommendation systems: 

the knowledge of items and their features, knowledge about users, and functional 

knowledge. Although knowledge acquisition results in disadvantages for the 

knowledge-based approach, the functional knowledge is a beneficial characteristic for
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recommendations. The functional knowledge, about how1 a particular item meets a 

particular user need, may reason about the relationship between a need and a possible 

recommendation. Unlike the other recommender systems, knowledge-based 

recommender systems do not depend on large bodies of statistical data about particular 

rated items or particular users. One needs only have some general knowledge about the 

set of items and an informal knowledge of particular user need; the system knows about 

the tradeoffs, category boundaries, and useful search strategies in the domain.

The main shortcoming of knowledge-based approaches is that the extensive human 

efforts are typically required. Significant human efforts have to be taken to generate 

recommendations. For instance, Expertise Recommender [159] suggests software 

engineering expertise to programmers using heuristics based on version change history 

and technical support records.

Entree Chicago
Entree Chicago (http://www.infolab.nwu.edu/dnc/entree/) includes reviews and helps 

you to make dining choices among 700 Chicago restaurants. If you like Legal Seafood 

in Boston, for instance, Entree can figure out where you should eat in Chicago. Once 

you have found a place you like, simply click and get a map of Chicago with the 

restaurant located for you. An example of the Entree Chicago system interfaces is 

shown in Figure 2-8.
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Figure 2-8 An example of system interfaces in the Entree Chicago
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2.3.2.4 Hybrid recommendation

All of the known recommendation techniques have strengths and weaknesses. CB 

approach is a keywords-based approach, and it is useless for multimedia items, like 

music, and movies. It can only recommend items similar to what the user has indicated 

interest before, without any clue to explore other potential interests of the user. For 

example, if one is interested in 'database' books, CB systems will keep recommending 

only 'database' books or other technology-related books. The CF approach is useful 

when you have enough rating data, but most of the time, it is hard to get enough rating 

data. This makes the recommendation accuracy very poor. CF cannot recommend the 

new item. The knowledge-based approach can avoid some of these drawbacks, it does 

not have new item problem and it can provide good recommendation even though you 

have not got enough rating data. However, knowledge-based systems need update 

item/product knowledge. Another drawback is that they are not personalized systems. 

Many researchers have chosen to combine such techniques in different ways.

A common thread in recommender system research is the need to combine 

recommendation techniques to achieve peak performance. The combination of two or 

more approaches is called hybrid recommendation. Table 2-3 shows taxonomy of 

hybrid types.

Table 2-3 Taxonomy of hybrid types

Hybrid Type Systems
CB-CF Fab (by Balabanovic [16]) - suggests relevant URLs to

users;
KB-CF Entree C (by Burke [31]) - restaurant recommendation;
CB-KB Electronic Funding Information (ELFI) (by Schwab et

al. [216]) - provides suggestions on funding programs
and agencies for researches.

CF-SN Expertise Recommender (by McDonald and Ackerman
[159]) - locate expertise in an organization

*CF - collaborative filtering, CB - content-based filtering, KB - knowledge-based, 

SN - social networks.
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Hybrid CB -CF

Fab [16] implements a hybrid CB-CF system for recommending web pages. In Fab, user 

profiles based on the pages a user liked are maintained by using CB techniques. The 

profiles are directly compared to determine similarity between users in order to make 

CF predictions. Lifestyle Finder [136] is another example in this category.

Amazon (http://www.amazon.com) online book shop is a typical example of hybrid CB- 

CF recommendation techniques. It records the user preferences and combines the 

relevant book item to generate recommendations. An example of system interfaces of 

personalized recommendations is shown in Figure 2-9.

The main hybrid types of recommender systems are listed as follows:
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Figure 2-9 An example of personalized recommendations in Amazon.

Hybrid KB -CF

Entree [34] initially is a knowledge-based recommender system that uses CBR 

techniques to select and rank restaurant. It was implemented to serve as a guide to 

attendees of s serial of conferences in 1996. A user interacts with the system by 

submitting either a known restaurant or a set of criteria to search the similar restaurants. 

Then the user interacts with the systems in a dialog, critiquing the system’s suggestions 

and interactively refining the search until an acceptable option is achieved. However,
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the system indicated an issue of inadequate discrimination [31], To improve the 

system’s discrimination without requiring the need for additional knowledge 

engineering, EntreeC [34] integrates CF into Entree to become a hybrid recommender 

system.

Hybrid CB - KB

Electronic Funding Information (ELFI) [216] is an example of hybrid recommender 

system by combining CB and KB approaches, as shown in Figure 2-10. ELFI is a web- 

based system that provides information and suggestions about research funding 

programs and agencies for researches, through an access to the database of funding 

programs and funding agencies. The information space that consists of these 

information objects is organized into hierarchies of, e g., research topics (mathematics, 

computer science) or funding types (grant, fellowship). At the user interface, these 

hierarchies are visualized as directory trees, which allow the user to navigate through 

the information space. In addition, the system permanently displays the contents of the 

current information subspace by listing links to so-called detailed views of relevant 

funding programs. Since ELFI users are not supposed to rate the usefulness of 

information objects, adaptability in ELFI must be based on an analysis of observed user 

behavior. ELFI records all user interactions with the system.
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Figure 2-10 System interface of Electronic Funding Information
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Hybrid CF - SN

Some researchers have come to recognize that the broader social networks include not 

only people but also information. Social networks have started to be adopted to 

personalization research efforts [118, 160], although it has a very narrow application 

domain. Most systems with respect to social networks attempt to use social networks as 

a mechanism for recommending specific people for collaboration. Social networks do 

not fall into any approach of CB, KB and CF mentioned above. Thus, in this study, we 

view a combination of social networks and CF as a new hybrid type.

The strong similarities between the web and social networks have attracted some 

research efforts in the past few years. The study in relation to the web as a social 

network has resulted in a better understanding of the sociology of web content creation 

[256], Social networks contribute to reach our goal knowing what and who other people 

know, as well as the development of more effective search, navigation and content 

management methods. Even more sophisticated relationships can be analyzed and 

exploited, such as the relationship between two pages that are co-cited or between two 

people that tend to frequently visit the same websites [193], A social network theory is 

now significantly influencing search engine and portal development for the web and 

enterprise [193], Enterprise means any collaborative organization - whether academic, 

governmental or commercial - where operational information and knowledge play an 

essential role. An enterprise portal is a single point of access for individuals in an 

enterprise to access all of the content germane of their work. The early web portals 

offered interesting insights to social networks. The web automatically captures a rich 

interplay between hundreds of millions of people and billions of pages of content. 

Furthermore, these interactions embody a social network involving people, the pages 

they create and view, and even the web pages themselves [193], For example, the 

hyperlink relationship between two web pages has been applied to promote the ranking 

of web search results by services such as Google (www.google.com). A social network 

comprises a set of people with a pattern of interactions among them. Modern social 

network theory is built in the work of Harvard social psychologist, Stanley Milgram 

[164], Social networks often represent groups of people and the connections among 

them. The strengths of social network analysis have resulted in increasing use of 

understanding a range of group interaction. In general, social networks originated from 

a descriptive and analytic discipline, but there is a trend toward embedding social
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networks into systems with the goal of facilitating new or renewed collaboration [160], 

More importantly, Kumar et al [138] observe that there was a strong structural 

similarity between the web as a network and social networks. The web can be viewed as 

a directed network in which each node is a static web page to another. Thus, the web 

can be studied as a graph that connects a group of social entities (individuals or 

organizations) linked by a set of social relationship, such as friendship, co-working or 

information exchange with common interests [138, 193, 256], Clearly, such

relationships have a bearing in which we create, share, and manage knowledge and 

information.

ReferralWeb [118] is an early example that uses social networks in recommender 

systems. In ReferralWeb, co-authoring and co-citation relationships are used to create a 

social network and the resulting visualization is used to find a possible expert. The 

social network in ReferralWeb can also answer queries about how far (in person-person 

edge links) one researcher is from another and who is in between. ReferralWeb has a 

number of features that sets it apart from pure CF approaches: ReferralWeb attempts to 

uncover existing social networks to help individuals to make more effective use of 

existing networks of professional colleagues without creating new communities. While 

recommender systems provide anonymous recommendations, ReferralWeb provides 

referrals through chains of named individuals. Expert locating systems are a type of 

recommendation system designed to find a person who has specific knowledge of a 

problem domain. The Expertise Recommender (ER) [159], as shown in Figure 2-11, is 

designed to augment naturalistic information seeking behavior in an organization. ER 

cannot replace key individuals. Instead, it helps people to locate expertise in unfamiliar 

parts of an organization and provides alternatives when key individuals are unavailable. 

ER takes into account many things when making a recommendation. ER attempts to 

socially tailor recommendations to the individual making a request by using social 

networks. Recently, Lam [139] proposes a recommendation system, called SNACK 

(Social Network in Automated Collaborative Filtering), through the combination of CF 

and social network information. SNACK is a recommender system than enhances CF 

with social network information. In such a system, recommendation is given based on 

not only their friends, but also their friends' friends and their friends and so forth.
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Figure 2-11 An example of system interface of Expertise Recommender

2.3.3 Existing recommendation algorithms

Generally, CF recommendation can be generated by memory-based or model-based 

techniques. There are some primary differences between these two approaches. 

Memory-based techniques operate over the entire user databases to make predictions. In 

contrast, model-based CF uses user database to estimate or learn a model, which is then 

used for predictions. To obtain a prediction for a particular user, the memory-based 

algorithms first identify users from the training database that are most similar to this 

user in terms of the rating patterns, and then combine those ratings together. This 

category includes the Pearson-correlation technique [196], the vector similarity 

technique [27], and the extended generalized vector space model [227], Model-based 

techniques group together different users in the training database into a small number of 

classes based on their rating patterns. In order to predict the rating from a test user on a 

particular item, these techniques first categorize the test user into one of the predefined 

user classes and use the rating of the predicted class on the targeted item as the 

prediction. In addition, compared to memory-based techniques, model-based techniques 

have an advantage that only the profiles of models need to be stored. Memory-based 

techniques are usually much simpler than the model-based approaches and require little 

offline computation, whereas model-based techniques usually have to spend many 

computation cycles on creating model profiles. Furthermore, the model-based 

techniques tend to assume that a small number of user classes are sufficient for 

modeling the rating patterns of many different users, and thus may lose the diversity of 

users.
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Memory-based algorithms
Two commonly used memory-based algorithms are the Pearson correlation coefficient 

[196] and the vector similarity [27], The main idea of these two algorithms is to 

calculate the similarities of a set of training users to a test user. To predict the rating of 

an item given by the test user, the ratings from the training users for the item are 

averaged and weighted by their similarities to the test user. These two approaches differ 

in the computation of similarity.

Pearson correlation. The general formulation of statistical CF (as opposed to verbal or 

qualitative annotations) first appeared in the published literature in the context of the 

GroupLens project, where the Pearson correlation coefficient was defined as the basis 

for the weights [196], The correlation between users a and i is presented in equation (2-

, where the summations over j are over the items for which both user a and / have 

recorded votes v, and v, .

Vector similarity. In the field of information retrieval, the similarity between two 

documents is often measured by treating each document as a vector of word frequencies 

and computing the cosine of the angle formed by the two frequency vectors [208], It can 

adopt this formalism to CF, where users take the role of documents, titles take the role 

of words, and votes take the role of word frequencies. Under this algorithm, observed 

votes indicate a positive preference, there is no role for negative votes, and unobserved 

items receive a zero vote. The relevant weights are:

2):

(2-2)

V V.
(2-3)
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, where the squared terms in the denominator serve to normalize votes va and v, so

that users that vote on more titles will a priori not be more similar to other users. Other 

normalization schemes, including absolute sum and number of votes, are possible [27],

The task in CF is to predict the utility of items to a particular user (the active user) 

based on a database of user votes from a sample or population of other users (the user 

database) [27], The user database consists of a set of votes v, corresponding to the

vote for user / on item j. If /, is the set of items on which user i has voted, then we can 

define the mean vote for user i as:

In memory-based CF algorithms, it predicts the votes of the active user (indicated with a 

subscript a) based on some partial information regarding the active user and a set of 

weights calculated from the user database. Assuming that the predicted vote of the 

active user for itemy, paj is a weighted sum of the votes of the other users:

where n is the number of users with non-zero weights. The weights w(i,a) can reflect 

distance, correlation, or similarity between each user i and the active user. A: is a 

normalizing factor such that the absolute values of the weights sum to unity.

Model-based algorithms
Model-based CF algorithms provide item recommendations by first developing a model 

of user ratings. Algorithms in this category take a probabilistic approach and envision 

the CF process as computing the expected value of a user prediction, given his/her 

ratings on other items. The model building process is performed by different machine 

learning algorithms. Such model-based algorithms that have been used are Bayesian 

networks [27], singular value decomposition with neural net classification [25], 

inductive rule learning [17], a graph-theoretic approach [7], a Bayesian mixed effect

(2-4)

n

Pa,j = v„ + w(aJ)(v,'} - v,.) (2-5)
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model [56], a combination of neighborhood-based algorithms with weighted majority 

weighting [67], clustering in reduced dimensions using principal component analysis 

[86] and latent class models [106], The Bayesian network model formulates a 

probabilistic model for CF problem. Clustering model treats CF as a classification 

problem [239] and works by clustering similar users in same class and estimating the 

probability of rating. The rule-based approach [211] applies association rule discovery 

algorithms to find association between co-interested items and then generates item 

recommendation based on the strength of the association between items.

From a probabilistic perspective, CF task can be viewed as calculating the expected 

value of a vote, given what it knows about the user. For the active user, it wishes to 

predict votes on as-yet unobserved items. If assuming that the votes are integer valued 

with a range for 0 to m, it has:

P.., = £ l.,)i (2-6)
!=0

where the probability expression is the probability that the active user will have a 

particular vote value for item j given the previously observed votes. Two alternative 

probabilistic models - cluster models and Bayesian networks, are explained as typical 

examples.

Cluster models. One plausible probabilistic model for CF is a Bayesian classifier where 

the probability of votes are conditionally independent given membership in an 

unobserved class variable C taking on some relatively small number of discrete values. 

The idea is that there are certain groups or types of users capturing a common set of 

preferences and tastes. Given the class, the preferences regarding the various items 

(expressed as votes) are independent. The probability model relating joint probability of 

class and votes to a tractable set of conditional and marginal distributions is the standard 

‘naive’ Bayes formulation:

Pr(C = c, v,,..., v„) = Pr (C = c)Y\ Pr(v, | C = c) (2-7)
i=i
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This model is also known as a multinomial mixture model. The left-hand side of this 

expression is the probability of observing an individual of a particular class and a 

complete set of vote values. It is straightforward in calculating the needed probability 

expressions within this framework. The parameters of the model, the probabilities of 

class membership Pr(C = c), and the conditional probabilities of votes given class Pr (vj 

1C = c) are estimated from a training set of user votes, the user database.

Bayesian network model. Another model formulation for probabilistic CF is a 

Bayesian network with a node corresponding to each item in the domain. The states of 

each node correspond to the possible vote values for each item. Then an algorithm for 

learning Bayesian networks to the training data is applied, where missing votes in the 

training data are indicated as ‘no vote’ value. The learning algorithm searches over 

various model structures in terms of dependencies for each item. In the resulting 

network, each item will have a set of parent items that are the best predictors of its votes. 

Each conditional probability table is represented by a decision tree encoding the 

conditional probabilities for that node.

More evidences can be found in the existing literatures for model-based algorithms. For 

example, Hoffman [105] presents a model-based CF algorithm that uses probabilistic 

latent semantic analysis and expectation-maximization algorithms to construct a 

compact and accurate reduced-dimensionality model of a community preference space. 

The intuition behind this model is that there is a set of independent underlying factors 

for which users have preferences, and that their preferences can be expressed as a vector 

of weights assigned to these factors. Similarly, items in the space can be expressed in 

terms of the same factors. Deshpande and Karypis [69] address the specific challenge of 

recommending a list of candidates rather than making predictions for most or all of an 

item set. This task is particularly common in e-commerce applications where a system 

is used to select a small number of items to suggest on a personalized web page, in a 

promotional message, or at transaction time.

Evaluation for recommendation algorithms
Effective and meaningful evaluation of recommendation systems is a challenging work. 

To date, although the evaluation of different recommendation algorithms have been 

conducted by some literatures, there has been no standard evaluation methods and
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metrics [102], Breese et al. [27] show an extensive set of experiments regarding the 

predictive performance of statistical algorithms for CF recommender system. Results 

indicate that for a wide range conditions, among probabilistic methods, the Bayesian 

networks with decision trees outperforms the cluster model for ranked scoring. For 

absolute deviation experiments, the cluster model performed slightly better than the 

decision trees. Also, Breese et al. [27] argue that, although prediction accuracy is 

probably the most important aspect in gauging the efficacy of a CF algorithm, there are 

other considerations, including the size of model, sampling, and runtime performance. 

Sarwar et al. [210] present experimental evaluation of various algorithmic choices for 

CF recommender systems. Their results indicate that dimensionality reduction 

techniques hold the promise of allowing CF algorithms to scale to large data sets and at 

the same time produce high quality recommendations. Herlocker et al. [102] evaluate 

CF recommender systems based on their opinion on how to conduct meaningful 

research evaluations for new algorithms and systems. Their study addresses those 

questions in two ways. Firstly, it examines a wide range of already-published metrics 

used by researchers to evaluate the quality of recommendations produced by their 

algorithms, showing that not all metrics measure the same things, but that the metrics 

can effectively be grouped into clusters that yield highly-correlated measurements. 

Secondly, it works forward from user tasks, assessing which evaluation mechanisms 

most directly reflect the suitability of a recommender for specific purposes. In doing so, 

it argues that accuracy measures only capture a small part of the needed understanding 

of a recommender system’s usefulness, and that other factors such as the novelty of 

recommendations are often unmeasured and unreported.

2.3.4 Relevant techniques for recommendations
In the past decade, a number of recommender systems or prototypes have been proposed 

for different businesses, such as e-mail filtering [85], online news filtering [131], books 

[173], videos [103], CD (CDNOW.com), music [42, 223], movie (e.g. MovieLens.com, 

MovieFinder.com) and TV program [226], expertise finder [118], web page locator [58, 

206] and e-commerce online product recommendation etc. A number of techniques have 

been applied to generate recommendations, for example, neighborhood formation, data 

mining and web mining techniques (association rule, decision tree, etc.), and machine 

learning techniques. Neighborhood formation is formed by using similarity function 

such as cosine similarity, correlation similarity functions and clustering techniques.
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Data mining and web mining techniques are used to extract pattern of user preference 

and items from transaction history data and usage data. Machine learning techniques are 

used to discover patterns from transaction data. Since the recommender systems have 

been applied in the broad domains, the relevant techniques are diverse. More details 

with respect to these techniques, both in web navigation and product recommendation, 

are presented as follows.

2.3.4.1 Relevant techniques for web navigation recommendation

Intelligent agent techniques
Intelligent agent is one of most frequently used techniques in web navigation. An 

intelligent (or autonomous) agent is software that assists people and acts on their behalf, 

and it is an assistive computer application designed to perform a set of tasks for their 

users. Some research efforts on intelligent agents focus on helping the individual user to 

seek for the relevant information on the Internet. Chen and Kuo [45] propose a 

personalized web search system based on the user profile modeled as the semantic 

relevance and co-occurrence of keywords to capture the real meaning of the user query. 

The process is composed of issuing query, enhancing query, selecting document, and 

updating profile. Yang et al. [250] present the development of intelligent personal 

Internet agent based on automatic textual analysis of Internet documents and hybrid 

simulated annealing algorithm. With the capability of comparison of similarity for 

Internet document, the hybrid simulated annealing algorithm is used to search for the 

relevant Internet document for the user. Tu and Hsiang [237] propose an interactive web 

search agent architecture made up of a group agent which handles group knowledge and 

preference, and personal agent which keeps track of the individual user profile. Each 

agent operates and achieves its goal through the collaboration of its subagents to 

generate category knowledge of group and individual preferences by the document 

vector model and clustering algorithm. Moreau et al. [175] design a multi-agent 

recommender system based on marketplace of auction to assist users in finding 

documents relevant to their current context. Lee et al. [145] present agent-based 

recommender systems for two different product types, frequently and non-frequently 

purchased products. For frequently purchased products, such as DVDs, their approach 

focuses on learning a consumer’s preferences for product recommendation and on the 

capacity to adapt to the individual change of interests. In contrast, the non-frequently
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purchased products, such as Laptop computers, the recommender system need add 

domain knowledge to suggest proper products.

Machine learning
Also, a broad range of machine learning researchers started applying a wide variety of 

techniques to recommendation problems, exploring issues of improving accuracy of 

algorithms, better exploiting knowledge about the document/product domain, and 

achieving more rapid start-up for systems and users. NewsWeeder [140] is an example 

of machine learning application in recommendation.

Machine learning is concerned with finding relations and regularities in data that can be 

translated into general truths. Machine learning aims at the reproduction of the data- 

generating process, allowing analysts to generalize from the observed data to new, 

unobserved cases. Rosenblatt [204] introduces the first machine learning model, called 

Perceptron. Following on from this, neural networks developed in the second half of the 

1980s. During the same period, some researchers perfected the theory of decision trees 

used mainly for dealing with problems of classification. Statistics has always been about 

creating models for analyzing data, and now there is the possibility of using computers 

to do it. From the second half of the 1980s, given the increasing importance of 

computational methods as the basis for statistical analysis, there was also a parallel 

development of statistical methods to analyze real multivariate applications. In the 

1990s statisticians began showing interest in machine learning methods as well, which 

led to important developments in methodology. Machine learning uses the theory of 

statistics in building mathematical models, because the core task is making inference 

from a sample [11], Alpaydin [11] points out that role of machine learning involves in 

two folds: Firstly, in training, a set of efficient algorithms are needed to solve the 

optimization problem, as well as to store and process the massive amount of data. 

Secondly, once a model is learned, its representation and algorithmic solution for 

inference needs to be efficient as well.

To gain more insight into the application of machine learning in prediction problems, 

some examples are drawn to explain them in more details. One example is association 

rule. Associate rule finds interesting association or correlation relationships among 

items in a given data set [95], It is assumed that there is an association between products
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bought by customers: customers buy X typically also buy Y. Therefore, if a consumer 

bought X and did not buy T, he/she would be a potential customer for buying Y. This 

association rule would make us target such customers for cross-selling. To find an 

association rule, we are interested in learning a conditional probability of the form P 

(Y\X), where X is the product of the customer has already purchased, and Y is the 

product we would like to condition on X. For example, if we have P (mouse | laptop) = 

0.4, then we will obtain the association rule: 40 percent of customers who buy laptop 

also buy mouse.

Web mining
Web mining is the process of discovering and extracting useful knowledge from the 

content, usage, and structure of one or more websites. In general, web mining can be 

characterized as the application of data mining to the content, structure, and usage of 

web resources [229], Web mining allows you to look for patterns in data through 

content mining, structure mining, and usage mining. Content mining is used to examine 

data collected by search engines and web spiders. Structure mining is used to examine 

data related to the structure of a particular website. Web usage mining is used to 

examine data related to a particular user's browser as well as data gathered by forms the 

user may have submitted during web transactions. Some research efforts have explored 

web mining as an enabling mechanism to overcome the problems associated with more 

traditional techniques to enhance and optimize the site structure. For example, 

clustering has been shown to improve the scalability and performance of CF techniques 

[181]-

More recently, web usage mining techniques have been proposed to improve the 

scalability of personalization systems based on traditional CF-based techniques [168], 

Web usage mining has been used in combination with other technologies, such as user 

profiling and in some cases content mining, in order to provide a more integrated view 

of the usage of a website, and make personalization more effective. Web usage mining 

is the process of applying statistical and data mining methods to web log data in order to 

extract useful patterns concerning the users’ navigational behavior, user and page 

clusters, as well as possible correlations between web pages and user groups [74], The 

discovered rules and patterns can then be used for improving the system’s performance 

or for making modifications to the website. The goal of personalization based on web
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usage mining is to recommend a set of objects to the current (active) user, possibly 

consisting of links, ads, text, products, etc., tailored to the user’s perceived preferences 

as determined by the matching usage patterns [62], This task is accomplished by 

matching the active user session (possibly in conjunction with previously stored profiles 

for that user) with the usage patterns discovered through web usage mining.

In general, web usage mining systems run any number of data mining algorithms on 

usage or click-stream data gathered from one or more websites in order to discover 

interesting patterns in the navigational behavior of users [169], The primary data 

sources used in web usage mining are the server log files, which include web server 

access logs and application server logs. Additional data sources that are also essential 

for both data preparation and pattern discovery include the site files and meta-data, 

operational databases, and domain knowledge. The overall process of web 

personalization based on web usage mining consists of three phases: data preparation 

and transformation, pattern discovery, and recommendation. Of these, only the latter 

phase is performed in real-time. The data preparation phase transforms raw web log 

files into transaction data that can be processed by data mining tasks. A variety of data 

mining techniques can be applied to this transaction data in the pattern discovery phase, 

such as clustering, association rule mining, and sequential pattern discovery. The results 

of the mining phase are transformed into aggregate usage profiles, suitable for use in the 

recommendation phase. The recommendation engine considers the active user session in 

conjunction with the discovered patterns to provide personalized content.

Recently, many research efforts are dealing with web usage mining and web 

personalization. Most of the efforts focus on extracting useful patterns and rules using 

data mining techniques in order to understand the users’ navigational behavior, so that 

decisions concerning site restructuring or modification can then be made by humans. In 

several cases, a recommendation engine helps the user to navigate through a site. Some 

of the more advanced systems provide much more functionality, introducing the notion 

of adaptive websites and providing means of dynamically changing a site’s structure. In 

the sequel we provide a brief description of the most important research efforts in the 

web mining and personalization domain. Rather than providing user with selected pages, 

some systems assist user in their browsing instead. Such systems track users’ behavior
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and reactions when users traverse the web. Based on the collected log data, the systems 

explore and examine links ahead of the users and recommend the most promising links.

Letizia [146] is one of the earliest attempts to take advantage of the information that can 

be gained through exploring a visitor’s navigation through a website, which is a client- 

site agent that monitors the user’s browsing behavior and searches for potentially 

interesting pages for recommendations. The agent looks ahead at the neighboring pages 

using a best-first search augmented by heuristics inferring user interest, inasmuch as 

they are derived from the user’s navigational behavior, and offers suggestions.

Another recommender system of applying web usage mining technique is WebWatcher 

[115] . The idea of the system is to create a tour guide agent that provides navigation 

hints to the user through a given web collection, based on its knowledge of the user’s 

interests, the location and relevance of various items in the location, as well as the way 

in which other users have interacted with the collection in the past. The system starts by 

profiling the user, acquiring information about her interests. Each time the user requests 

a page, this information is routed through a proxy server in order to easily track the user 

session across the website and any links believed to be of interest for the user are 

highlighted. Its strategy for giving advice is learned from feedback from earlier tours. A 

similar system is the Personal WebWatcher [166], which is structured to specialize for a 

particular user, modeling his interests. It solely records the addresses of pages requested 

by the user and highlights interesting hyperlinks without involving the user in its 

learning process, asking for keywords or opinions about pages as WebWatcher does.

Chen et al. [44] introduce the ‘maximal forward reference’ concept in order to 

characterize user episodes for the mining of traversal patterns. Their work is based on 

statistically dominant paths and association rules discovery, and a maximal forward 

reference is defined as the sequence of pages requested by a user up to the last page 

before backtracking. SpeedTracer [248] is built on the work proposed by Chen et al. 

[44], SpeedTracer [248] uses the referrer page and the URL of the requested page as a 

traversal step and reconstructs the user traversal paths for session identification. Each 

identified user session is mapped into a transaction and then data mining techniques are 

applied in order to discover the most frequent user traversal paths and the most 

frequently visited groups of pages.
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A different approach is adopted by Zaiane et al. [253], The authors combine Online 

Analytical Processing (OLAP) and data mining techniques and a multidimensional data 

cube, to extract interactively implicit knowledge. Their WebLogMiner system after 

filtering the data contained in the web log, transforms them into a relational database. In 

the next phase a data cube is built, each dimension representing a field with all possible 

values described by attributes. OLAP technology is then used in combination with data 

mining techniques for prediction, classification, and time-series analysis of web log data. 

Huang et al. [Ill] also propose the use of a cube model that explicitly identifies web 

access sessions, maintains the order of the session’s components and uses multiple 

attributes to describe the web pages visited.

The process of web usage mining consists of three-phase: preprocessing, pattern 

discovery, and pattern analysis [229], This can be reflected in the recommender system 

prototype called WebSIFT [58], WebSIFT first performs intelligent cleansing and 

preprocessing for identifying users, server sessions, and inferring cached page 

references through the use of the referrer field, and also performs content and structure 

preprocessing [57], Pattern discovery is accomplished through the use of general 

statistic algorithms and data mining techniques such as association rules, sequential 

pattern analysis, clustering, and classification. The results are then analyzed through a 

simple knowledge query mechanism, a visualization tool, or the information filter, that 

makes use of the preprocessed content and structure information to automatically filter 

the results of the knowledge discovery algorithms.

However, despite the advantages, usage-based personalization can be problematic when 

little usage data is available pertaining to some item or when the site content may 

change regularly [170], WebPersonalizer [167] provides a framework for mining web 

log files to discover knowledge for the provision of recommendations to current users 

based on their browsing similarities to previous users. It relies solely on anonymous 

usage data provided by logs and the hypertext structure of a site.

For more effective personalization, both usage and content attributes of a site must be 

integrated into a web mining framework and used by the recommendation engine in a 

uniform manner. Thus, the framework of WebPersonalizer [167] has been recently
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extended by Mobasher et al. [170] to incorporate content profiles into the 

recommendation process as a way to enhance the effectiveness of personalization 

actions. Usage and content profiles are represented as weighted collections of pageview 

records. The content profiles represent different ways in which pages with partly similar 

content can be grouped. The overall goal is to create a uniform representation for both 

content and usage profiles in order to integrate them more easily. Generally, in these 

approaches, keywords are extracted from the content on the website and are used to 

either index pages by content or classify pages into various content categories. In the 

context of personalization, this approach would allow the system to recommend pages 

to a user, not only based on similar users, but also (or alternatively) based on the content 

similarity of these pages to the pages user has already visited. Furthermore, recently, 

semantic web mining is used for the improvement of personalization. Semantic web 

mining [22] involves the integration of domain knowledge into the web mining process.

2.3.4.2 Relevant techniques in product recommendation

The increasing amount of product information on the web creates enormous challenges 

for both customers and companies in e-commerce environment. Customers often 

experience difficulty in locating a proper product from a large number of e-commerce 

websites, whereas e-commerce companies frequently suffer from the huge amount of 

data they collected from customers’ purchasing records and transaction history. Thus, as 

Geyer-Schulz et al. [84] point out, recommendation services are attractive for both 

companies and their customers because of the capabilities to reduce transaction costs.

E-commerce has been a successful application domain for recommendation techniques. 

Recommender systems have been regarded as one of important information systems in 

e-commerce applications. A recommender system for e-commerce [210, 214, 215] 

website received information from a consumer about which products he/she is interested 

in, and recommend products to fit his/her potential needs. Some application and 

prototypes have been proposed, for example, online book stores Amazon.com [149], 

online food stores [231] and many more.

Web mining techniques is the application of data mining techniques in the online 

environment. Except to those web mining techniques mentioned earlier, many other 

data mining techniques can be broadly used for product recommendation both in online
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and offline environment, such as nearest neighbor classification, clustering analysis and 

multidimensional scaling methods, are based on similarity measures between objects. 

Thus, data mining is an important technique in dealing with personalization applications. 

From the machine learning viewpoint, application of machine learning methods to large 

databases is called data mining [11], From the viewpoint of scientific research, data 

mining is a new discipline, lying at the intersection of statistics, machine learning, data 

management and databases, pattern recognition, artificial intelligence, and other areas 

[96], Data mining is an interdisciplinary exercise, and it is difficult to define sharp 

boundaries between each of these disciplines and data mining. At the boundaries, one 

person's data mining is another's statistics, database, or machine learning problem. 

Statistics ideas and methods are fundamental in data mining. However, statistics 

techniques alone may not be sufficient to address some of the more challenging issues 

in data mining, especially those arising from massive data sets. The most fundamental 

difference between classical statistical applications and data mining is the size of the 

data sets [96], To traditional statistics, a large data set may contain a few hundred or 

thousand data points. To someone concerned with data mining, many millions or even 

billions of data points is not unexpected - gigabyte and even terabyte databases are by 

no means uncommon.

Some researches have examined data mining techniques for product recommendation in 

the offline environment. Lawrence et al. [141] develop a personalized recommender 

system designed to suggest new products to supermarket shoppers. The recommender 

functions in a pervasive computing environment, namely, a remote shopping system in 

which supermarket customers use Personal Digital Assistants (PDAs) to compose and 

transmit their orders to the store, which assembles them for subsequent pickup. The 

recommender is meant to provide an alternative source of new ideas for customers who 

now visit the store less frequently. Recommendations are generated by matching 

products to customers based on the expected appeal of the product and the previous 

spending of the customer. Association mining in the product domain is used to 

determine relationships among product classes for use in characterizing the appeal of 

individual products. Clustering in the customer domain is used to identify groups of 

shoppers with similar spending histories. Cluster-specific lists of popular products are 

then used as input to the matching process.
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2.3.4.3 Semantics and product taxonomy for recommendation

Semantic similarity among objects and classes [80, 183, 202] has obtained a 

considerable study in the past few years. Semantic information about an item consists 

of its attributes, relationships with other items, and other meta-information. On the other 

hand, product taxonomy plays an important role in presenting online information and 

may affect the results. Also, product taxonomy is used for identifying similar products 

and grouping them together, by specifying the level of aggregation provided by the 

marketers or domain experts.

Recently, various research efforts with respect to the usage of product taxonomy have 

been addressed to develop e-commerce applications with data mining techniques. 

Adomavicius and Tuzhilin [3] describe a method to specify similar measures using 

attribute hierarchies based on the existed product taxonomy. Their study can be useful 

for the domain expert to examine multiple rules at a time by grouping similar rules 

together on given product taxonomy. Also, the importance of mining association rule at 

the right level of product taxonomy tree has been stressed by some researches (e g. Han 

and Fu [94], Berry and Lindoff [23], etc ).

Importantly, some relevant researches have been done with respect to recommendation 

by using product taxonomy. Lawrence et al. [141] use product taxonomy to capture the 

affinity between different products, and to develop recommender systems for 

supermarket products. They designed a personalized recommender system to suggest 

new products to supermarket shoppers based on customers’ previous behavior. The 

recommender systems is implemented as part of the ‘SmartPad’ remote shopping 

system [132] developed by IBM and Safeway Stores pic, a major supermarket retailer in 

the UK. This recommender system allows customers to prepare their shopping lists on 

subsequent pickup at the store without having to walk the aisles of the store. The 

method they used to determine the product similarity is to compute a measure of 

distance between vectors representing personal preferences and vectors representing 

products. However, the product taxonomy used in their system is only limited to the 

Safeway database. In addition, Cho and Kim [49] propose a recommendation method 

called ‘web usage mining driven recommendation methodology using product 

taxonomy’, and product taxonomy was employed as a dimensionality reduction 

technique to reduce the scalability problem of CF recommender system. Similar
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products are identified and grouped together using the product taxonomy so as to build 

the customer profiles and to search for the neighbors in the reduced dimensional space. 

Their approach can help to capture implicit customer preference by analyzing 

customers’ online shopping behaviors and to building customer profile. Hung [112] 

extends Cho and Kim’s [49] product taxonomy and added a brand characteristic to 

product taxonomy to attract the specific ‘brand-sensitive’ target customer group. We 

argue that this work can be a bit beyond the scope of standard product taxonomy, 

although it is useful for online marketing plan.

2.4 Fuzzy logic techniques for recommendation
Since the fuzzy sets were introduced by Zadeh [254] in 1965, which has been developed 

as a completed set of mathematical abstraction for representing and operating the fuzzy 

logic [255] and applied in various domains. The fundamental idea behind the theory of 

fuzzy sets is based on the observation that human thinking is not just two-valued or 

multi-valued logic, but logic with fuzzy truths [2],

A fuzzy set, A, for a set of objects X={x],x2,...,x„} is defined as a collection of order 

pairs:

The entity//~(x;), a real number in the interval [0,1], is called the membership function.

positive values of membership function, n~ (x,), is called the support of A. A value of 

one for fJ.~(x[) indicates the support x, is completely in A. On the other hand, if x;does

A fuzzy relation R from U to V is a fuzzy set in UX V , where R(u, v) expresses to what 

extent the elements u in U and v in V are related by R. Fuzzy relational calculus [120] 

dictates the way information contained in fuzzy relations can be propagated. One of its 

core components is the study of various definitions for the composition of two fuzzy

(2-8)

It is used to represent the membership grade of x, in A. A subset of objects in X with

not belong to A, the value of n~ (x;) is equal to zero.
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relations. These definitions make use of the well-known fuzzy logic operations of 

triangular norms (shortly, t-norms) and implicators on [0,1], which are recalled below:

Definition 1 (t-norm) A triangular norm, or t-norm, T is a commutative, associative, 

increasing [0, l]2 ~*[0,1] mapping that satisfies T (x, 1) = x for all x in [0,1],

Definition 2 (Implicator) An implicator / is a [0, l]2 -*-[0, 1] mapping with decreasing 

first and increasing second partial mappings that satisfies 1(0, 0) = 1(0,1) = 1(1,1) = 1 

and 1(1, 0) = 0.

The flow of information in web personalization system can be prone to significant 

amounts of error and uncertainty. This uncertainty pervades all stages from the user's 

web navigation patterns to the final recommendations, including the intermediate stages 

of logging web usage, processing and segmenting web log data into web user session, 

clustering these sessions, and computing web user profiles from these clusters.

Fuzzy approximate reasoning [6, 124] can provide a general framework for the 

recommendation process. Nasraoui and Petenes [179] investigate the framework and 

present an approach to provide dynamic prediction in the web navigation space. Yager 

[249] describes a reclusive approach, differing from CF, based solely on preferences of 

the single individuals for whom we provide the recommendation, without use of 

preferences of other collaborators. Nasraoui et al. [178] and Krishnapuram et al. [135] 

introduce the notion of uncertainty in web usage mining, discovering clusters of user 

session profiles using robust luzzy algorithms. In their approach, a user or a page can be 

assigned to more than one cluster. After preprocessing the log data, they create a 

dissimilarity matrix that is used by the luzzy algorithms presented in order to cluster 

typical user sessions. To achieve this, they introduce a similarity measure that takes into 

account both the individual URLs in a web session, as well as the structure of the site.

Given the proliferation of rating and weighting schemes used in the existing approaches, 

topped by the fact that very often decisions have to be made under incomplete and/or 

conflicting information, luzzy set theory contributes itself excellently to solve the 

recommendation problem. Indeed, luzzy sets earn a well-known reputation for
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negotiating and even exploiting data imperfections to produce lower-cost, higher- 

quality solutions.

Surprisingly, only a handful of publications have addressed fuzzy sets and relations’ 

potential within the domain of recommender systems. Notably, Yager [249] devises a 

sophisticated fuzzy logic-based conceptual framework for the representation and 

subsequent construction of justifications and recommendation rules. It makes extensive 

use of an internal description of the items, and relies solely on the preferences of the 

target user. As such, the proposed recommendation strategies are purely CB (or 

reclusive, as the author calls them). Carbo and Molina [37] develop a CF-based 

algorithm in which ratings and recommendations can be linguistic labels represented by 

fuzzy sets. Perny and Zucker [188, 189] propose recommender systems from a decision 

support perspective, noting that such applications position themselves between the 

archetypical problems of individual and group decision making. In that light, they 

pursued a hybrid approach that involves the following fuzzy relations:

• P+, from U to /, expresses positive feelings (satisfaction) of a user about an item

• F, from U to /, expresses negative feelings (disgust) of a user about an item

• S, in I, expresses similarity between items

• R, in U, expresses similarity between users

• 0, from U to /, expresses the qualification of a user w.r.t. his rating of an item
A

P• , from U to /, expresses the predicted preference of a user for an item

P+ and Fare derived from the actual preference information (e.g., ratings) by a suitable 

transformation, where min (P+(u, i), F(u, i)) = 0 is imposed for each couple (u, i) in U 

x /, indicating that user u is either positively, or negatively, inclined about item i. Using 

appropriate fuzzy similarity measures, for each item /, and each user u, a neighborhood 

of k most similar elements is constructed and denoted Nk(i), respectively Nk(u); thanks 

to the use of neighborhoods, the entire search space need not be traversed in producing 

recommendations. Next, Q(u, i) can be a self- or peer-evaluation of the confidence 

about w’s rating of /, to strengthen or diminish its impact in the generation of 

recommendations. Finally, the target relation P is computed by the following equation, 

for u in U and / in /:
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P(?/, /') = (1 - P)PCB (?/,/') + pPCF (u,i) (2-9)

■ ■ P Pwhere /? is a weighting parameter in [0, 1] and cb(u, i) and cf (u, i) are the CB,

respectively CF components to the recommendation, defined by, for a 7-norm T,

PCB (u,i) = T (PcB (u, 0,1 - P~B (u, i)) (2-10)

PCF (uj) = T (P;.F (77,0,1 - Pcf (l9 0) (2-11)

PCg(M,0= sup T(P+(u,i),S(j,i)) (2-12)
/eA'A-0)

PcB(nJ)= sup T(P~(u,j),S(jJ)) (2-13)
>6 Nk(i)

Pc+F(u,i)= sup 7’(7’(0(v,7),P+(v,/)),JR(v,T7)) (2-14)
VGNk(u)

P~F(iiJ)= sup T(T(Q(v,i),P~(v,/)),R(v,u)) (2-15)
\^Nk(u)

With these definitions, user u receives a high recommendation on item i if

• / is similar to any ji which w likes and is not similar to any 72 which u dislikes 

(equations 2-10, 2-12, and 2-13).

• 7 is liked by a given v} who is similar to u, and there does not exist any v2 similar 

to u who dislikes 7; the appearance of 0(v, i) in the equations is to ensure the 

authority of v’s evaluation of / (equations 2-11, 2-14 and 2-15).

2.5 Summary
This chapter reviews the related works in several areas: information retrieval,

information filtering, web personalization; recommender systems, and fuzzy logic 

techniques for recommendation. Information retrieval and information filtering mainly 

focus on textual documents. Information retrieval assists users to find interesting
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information, while information filtering helps users to filter out the uninterested 

information. Web personalization presents the right information to right user at the right 

time. As one of the web personalization applications, recommender systems predicts 

users’ interests and preferences based on the users’ behavior in the past and similar 

users’ common interests and preferences. In addition, due to the uncertainty of 

information for recommendation generation, fuzzy logic techniques also become 

important to develop personalized government online services.
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Chapter 3
Research Methodology

This chapter reviews the related research methods, characteristics of different research 

methods in relevant to information analyses, and it also discusses the research 

methodology used in this study. In this chapter, the following sections have been 

included:

3.1. Research methods and process

This section provides a conceptual description about definition and dimensions of 

research. Also, this section describes the main research steps, including selecting the 

topic, reviewing the literatures, devising a conceptual framework, deciding upon 

research questions, identifying information needs, deciding a research strategy, 

conducting the research, and reporting the research findings.

3.2. Relevant research methods used in this study

This section compares the different research methods and approaches to help to select 

appropriate techniques for this study, for example, quantitative and qualitative methods; 

evaluation research approach, including questionnaire-based date collection, evaluation 

approach of e-government success; experimental and observational approaches; and 

prototyping approach of information systems.

3.3. Summary

This section draws a summary for this chapter.
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3.1 Research methods and process
There is considerable consensus concerning the definition of research. The definition 

proposed by Bennett [21] describes research as a systematic, careful inquiry or 

examination to discover new information or relationships and to expand/verify existing 

knowledge for some specified purpose. Burns [35] defines research as a systematic 

investigation to find answers to a problem, while Sekaran [220] defines research as 

simply the process of finding solution to a problem after a thorough study and analysis 

of the situation factors. The different research fields can have specific methods in the 

light of specific problems, although modern technology has made research an exciting 

and relatively smooth process. Scientific research is conducted within the rules and 

conventions of science, which means that it is based on logic, reason and the systematic 

examination of evidence. Social research deals with people as social being, in groups 

and in organizations, the scientific model frequently needs to be modified or even 

abandoned [235], Business research can be described as a systematic and organized 

effort to investigate a specific problem encountered in the work setting, that needs a 

solution [220],

Contemporary business research involves in a very wide-ranging activity because of the 

complex processes it seeks to explore. It can be undertaken from a simple interview or a 

series of observation made by a single researcher, to a decade-long investigation using 

multiple research methods and conducted around the world by a large team of 

investigators [235], The context and domain of business research are broad. Some 

examples of context and domain include: economics, finance and accounting; marketing; 

human resource; industrial relations; international management; law; operation and 

manufacturing; information technology; public sector.

The research process involves a number of steps, beginning with the selection of the 

research topic and ending with a report of the research finding. In the context of 

business research process, Sekaran [220] suggests that the first step was to know where 

the problem areas exist in the organization, and to identify the problems as clearly as 

possible. Then steps could be taken to gather information, to analyze the data, to 

determine the factors that were associated with the problem, and to solve it by taking
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the necessary corrective measures. Furthermore, Ticehurst and Veal [235] divide the 

research process into eight main steps, as shown in Figure 3-1, which include:

(1) Selecting a topic. The choice of a research topic can arise from personal interest, 

from the observation, or from the literatures describing previous theory and 

research in the area, from social concern or as the outcome of some currently 

popular issues. The topic of this research is chosen from the previous literatures 

and previous research.

(2) Reviewing literature. Irrespective of the reason for choosing a particular topic, a 

literature review of previous research in the topic area is an essential component 

of the research process.

(3) Devising a conceptual framework. Following the literature review, a conceptual 

framework for the research project needs to be developed. This conceptual 

framework indicates how the researcher view the concepts involved in the study 

and the relationships between those concepts.

(4) Deciding upon research questions. Once a conceptual framework is established, 

specific research questions can be developed which will be directly addressed in 

a research project.

(5) Identifying information needs. A list of information needs can be developed.

(6) Deciding a research strategy. This involves making decision about the 

information gathering methods to be used, the approach to data analysis, and the 

budget and timetable for the study.

(7) Conducting the research. Good research outcome will only be able to be 

achieved if the preparation processes are carefully followed. Sound preparation 

can ease the rest of the research process considerably.

(8) Reporting the research findings. This step comes at the end of the research. 

Unlike the conduct of the research, which inexperienced researchers invariably
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rush into too quickly, the writing up of the result is usually delayed too long, so 

that insufficient time is left for satisfactory completion of the task.

2. reviewing the literature

1. selecting the topic

7. conducting the research

8. reporting the research findings

6. deciding a research strategy

devising a conceptual framework

5. identifying information needs

4. deciding upon research questions

Figure 3-1 Research steps of the study

3.2 Relevant research methods used in this study
As this study has close linkage with business research and scientific research, 

distinguishing the natures of different research methods would provide a foundation. 

Business research may involve more than one domain or application [235], for example, 

a research is conducted in an information technology context within the public sector in 

this study. More details of quantitative and qualitative, experimental and observation 

methods are described below.

3.2.1 Qualitative and quantitative research methods
Qualitative and quantitative methods are often used to business research because much 

business research involves in the collection, analysis and presentation of information. 

Sometimes the information is innately quantitative, while sometimes the information is

71



qualitative. The quantitative approach is usually conducted by statistical analysis, and 

relies on numerical evidence to draw conclusions or to test hypotheses. To be sure the 

reliability of the results it is often necessary to study relatively large numbers of people 

or organizations and to use computer software to analyze data. The data can be derived 

from questionnaire-based surveys, from observation or from secondary data sources. 

The qualitative approach to research is not concerned with this sort of statistical analysis. 

It involves gathering a great deal of information about a small number of people or 

organizations rather than a limited amount of information about a large number of 

people or organizations.

Quantitative approach stands in contrast to qualitative method [35], The main difference 

between the two approaches is that quantitative methods involve numbers, whereas 

qualitative methods do not. Qualitative methods can play the important role of 

suggesting possible relationship, causes effect, and even dynamic process. Since 

qualitative reports are not presented a statistical summation, but rather in a more 

descriptive, narrative style, this style of research may be of particular benefit to the 

practitioners. Qualitative research places stress on the validity of multiple meaning 

structures and holistic analysis, as opposed to the criteria of reliability and statistical 

compartmentalization of quantitative research [35], Qualitative approach tends to be 

used for the study of groups, particularly where interaction between group members is 

of interest. It is used for the exploratory theory building, rather than theory testing. 

Qualitative techniques are also useful when research focuses on people's attitudes.

3.2.2 Evaluation research approach
3.2.2.1 Evaluation

The goal of evaluations is to provide useful feedback to a variety of audiences including 

client groups, administrators, staff, and other relevant constituencies. There are different 

types of evaluations depending on the object being evaluated and the purpose of the 

evaluation. The most important types are formative and summative evaluation [236], 

Formative evaluations improve the object being evaluated by examining the delivery of 

the program or technology, the quality of its implementation, and the assessment of the 

organizational context, personnel, procedure, and input. In contrast, summative 

evaluations examine the effects or outcomes of some object. They summarize the
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effects or outcomes by describing what happens subsequent to delivery of the program 

or technology; determining the overall impact of the causal factor.

Trochim [236] subdivides formative and summative evaluations into more subtypes. 

Formative evaluation includes several subtypes: Needs assessment - determines who 

needs the program, how great the need is, and what might work to meet the need; 

Structured conceptualization - helps stakeholders to define the program or technology, 

the target population, and the possible outcomes; Implementation evaluation - monitors 

the fidelity of the program or technology delivery.

Also, summative evaluation is divided by Trochim [236] into the following subtypes: 

Outcome evaluation - investigates whether the program or technology caused 

demonstrable effects on specifically target outcomes; Impact evaluation - assesses the 

overall effects of the program or technology; Effectiveness and/or cost-benefit analysis 

- addresses performance and efficiency in the terms of customer satisfactory and/or 

costs.

3.2.2.2 Ouestiomiaire-based data collection

Questionnaire-based survey is relatively unobtrusive data collection approach, and it 

concerns the gathering of information from individuals using a formally designed 

schedule of questions called a questionnaire or interview schedule. Questionnaire 

surveys usually involve only a proportion, or sample, of the population that the 

researcher is interested in. Additionally, questionnaire-based surveys strongly rely on 

information from respondents. What respondents say depends on their own powers of 

recall, their honesty and the questions included in the questionnaire. There has been 

very little research on the validity or accuracy of questionnaire data, however, some 

researchers have suggested that respondents tend to exaggerate some things and down 

play others [235], Traditionally, a survey is conducted by face-to-face interviews, 

telephone interviews, or mail questionnaires, and so forth. There are considerable 

debates regarding the superiority of data collection methods in the questionnaire-based 

survey. For instance, some researchers argue that the data collection methods most 

commonly related to survey research are telephone and mail survey. Face-to-face survey 

should be used as a subsidiary method for some important and typical survey target [51, 

53, 73],
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Nowadays, the web environment has created a number of new data collection 

opportunities. The formal and informal data collection techniques are two common 

types used in a web environment. The formal data collection techniques include survey 

accessible from a website, email survey, investigation of competitor websites. The 

informal data collection techniques can be unstructured with unknown objectives, and 

no clear plan for data collection [162], Web survey is known for extremely low costs in 

comparison to the other survey modes. Compared to mail survey there are no costs for 

paper, printing, envelops, stamps and related administrative work. From the cost and 

error trade-off, the web survey may be the optimal choice for longer questionnaires, 

although it shows a disadvantage of low response rate [240], Furthermore, the web 

survey allows a researcher to choose the appropriate respondents to the questionnaire. It 

is also possible to limit the number of times that a respondent may enter to the website 

of the survey, and to clarify whether the survey has been completed [162], There can be 

little doubt that the number of surveys being conducted over the web is increasing 

dramatically. The reason is that the web survey may collect data without interviewers, 

stationery or postage.

An important issue in the survey research method is how to obtain a satisfactory 

response rate. Changing modes of data collection may be an effective way for 

improving response rates [224], For example, non-respondents to mail survey may be 

called and asked to answer by telephone or vice versa. However, the use of a mixed

mode data collection strategy raises a potential troubling issue. The factors affected the 

response rates vary according to the different survey instrument. Seven factors affecting 

mail survey responses are identified by Ticehurst and Veal [235]:

• The interest of the respondent in the survey topic;

• The length of questionnaire;

• Questionnaire design, presentation and complexity;

• The style, content and authorship of accompanying letter;

• The provision of a reply-paid envelope;

• Rewards for responding;

• The number and timing of reminders and follow-ups.

74



In this study, non-probability sampling method [70] is used to select sample websites 

from the federal or state entry point and their links. Non-probability sampling is usually 

based on someone's expertise about the population and can be used successfully even 

though the sample validity is unable to measure [70], The samples were selected from 

those websites which public can frequently use to find relevant information or do online 

transaction, other than those websites which offering only organizational information.

While conducting our research, it is necessary to decide whether to collect new 

information or whether existing data are suitable to answer the research questions. 

Secondary data is the existing data collected for some other purposes, whereas primary 

data implies new information collected as part of a research project [235], Primary data 

is important for a research project. Meanwhile, secondary data can play a variety of 

roles in a research project, from being the whole basis of the research to being a vital or 

incidental point of comparison. An important part of research is to search existing 

sources of information for information and related research. Even if a research is to be 

based mainly on new information it will often be necessary to make use of other 

existing information. Combining the primary data and secondary data is considered as 

better data resources to achieve more effective research outcomes.

3.2.2.3 Evaluation approach of e-government success

This study intends to develop a personalized development model of government online 

services based on the evaluation of e-government success. Evaluation of e-government 

success can be related to some different areas. Briggs et al. [29] point out that the 

Internet is perhaps the most successful information system. As information systems 

ushered in flatter organizational structures, so the Internet ushers in globally distributed 

organizations and e-commerce. Based on Briggs et al. [29]'s point of view above, e- 

government may be a new paradigm of information systems. In this study, like many 

research efforts [88, 89, 107, 155], e-government is considered as an application type of 

information technology, especially in the Internet environment. Although e-government 

can be seen as a sub-area of information systems, the evaluation of e-government can 

simply not adopt the measures of information system success. It should draw lessons 

from the measures of e-commerce success as well. Thus, literatures from both areas 

may be appropriate for the research context.
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There are many different definitions of information system success in the existing 

literatures. Briggs et al. [29] summarize them according to four perspectives. (1) From 

the end user's perspective, successful systems may be those that improve the user's job 

performance without inflicting undue annoyance. (2) From a management's perspective, 

successful systems are those that reduce uncertainty of outcomes and have lower risks, 

and leverage scarce resources. (3) From a developer's perspective, successful 

information systems are those that are completed on time and under budget, with a 

completed set of features that are consist with specifications and that function correctly. 

(4) From an innovator's perspective, successful information systems may be those that 

attract a large, loyal, and growing community of users. A large number of research 

efforts on information system success evaluation can be found in the literatures. Broadly, 

Garrity and Sanders [81] view information system from two perspectives, an 

organizational viewpoint and a socio-technical viewpoint. The organizational 

perspective focuses on the quality of the interface and the information provided by an 

information system. The socio-technical viewpoint focuses on individual needs. 

According to Kim [121], the surrogates developed for measuring information system 

success fall into three categories: user satisfaction (US) [15], level of system usage 

[228], and information value regarding user decision performance [79], Seddon et al 

[219] review 186 empirical papers in three major information system journals and 

proposed a two - dimensional matrix for classifying information system success 

measures. One dimension is the type of system studied, and another one is the 

stakeholder in whose interests the system is being evaluated. Communication theory 

also used to understand the impact of information system at the individual level. For 

instance, Mason [156] uses the model of Shannon and Weaver [222] to conduct own 

model. The basic elements of the Mason [156] model are receipt of the information, the 

evaluation of the information, and the application of the information leading to a change 

in recipient behavior and a change in the system performance.

Importantly, building on the work of Mason [156] and comprehensive review of 

different information system success measures, DeLone and McLean [68] propose a 

model of information system success, which depicted information system success 

measures in terms of six dimensions - system quality, information quality, use, user 

satisfaction, individual impact and organization impact. The six interdependent and 

interrelated categories or components form DeLone and McLean [68]'s information
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system success model. DeLone and McLean [68] suggest that the effects of user 

participation on the subsequent success of different information systems may use 

satisfaction as their primary measure. System quality and information quality singularly 

and jointly affect both use and user satisfaction. Use and user satisfaction are direct 

antecedents of individual impact. Additionally, the amount of use can affect the degree 

of user satisfaction. The impact on individual performance should eventually have some 

organizational impact.

However, it is difficulty to measure information system success, because the general 

aim of information system development is to contribute to organizational effectiveness, 

to lead to higher productivity, better customer service, and better quality of working life. 

This has led to various measures of information systems to serve as surrogate for 

information system success [114], User satisfaction probably has been the most studied 

construct in information system research [245], Many researchers have investigated 

various dimensions of user satisfaction [15, 65, 113], such as system accuracy, system 

timeliness, usefulness, ease-of-use, task importance, and quality of output. Other ways 

include content (such as, accuracy and relevance), presentation (such as, format and 

mode), and service quality [245],

On the other hand, evaluation research on e-commerce may draw lessons for the 

evaluation measures of e-government. The quality of e-commerce websites may vary 

from high quality site developed by professionals, to low quality sites constructed by 

inexperienced site developers. Many problems can arise when using websites, including 

page loading time which is often lengthy, out-of-date site content, privacy concerns, 

access to site contents, and lack of acceptance [83], Therefore, evaluation of e- 

commerce applications has been studied in many aspects and by different approaches, 

such as factors affected customer relationship, consumer requirements, customer 

support, customer satisfaction, cost/benefits, and operational-qualitative and strategic- 

qualitative approaches. Based on the success stories from companies, Seybold [221] 

provides eight success factors for e-commerce: targeting the right customers; owning 

the customer’s total experience; providing a 360 view of the customer relationship; 

letting customers help themselves; helping customers to do own jobs; delivering 

personalized service; and fostering community. Lu [153] develops an EC application 

framework in three categories with eight factors, including EC functionality, customer
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satisfaction, EC development purpose, type of EC developers, company's measures for 

EC success, company's satisfaction, core cost factors of EC application, and core benefit 

factors of EC applications. Farquhar et al. [77] identifies some generic consumer 

requirements, including ease of use, consistency in user interface, privacy, security, cost 

transparency, reliability, error tolerance, design for different type customers, order 

confirmation and system status information. Turban et al. [238] propose some web- 

related metrics that a company can use to determine the appropriate level of customer 

support: response time; site availability; download time; up-to-date; security and

privacy; fulfillment; return policy; and navigability. Liu and Arnett [151] identified four 

factors that were critical to e-commerce website success, including information and 

service quality, system use, playfulness, and system design quality. Elliot, Morup- 

peterson and Bjorn-andersen [75] propose a framework for evaluation of commercial 

websites to identify the key features and facilities of business-to-customer website. The 

framework consists of six categories: company information and function;

product/service information and promotion; transaction processing; customer services; 

ease of use; and innovation in services and technology. More research efforts have been 

done in relevance to e-commerce success measures [63, 172, 182, 233],

The research on e-government success has been addressed in the different areas. Some 

research efforts pay the attention to the design of e-government. Heeks [98] develope an 

ITPOSMO model and discussed the gap between current realities and design 

conceptions of e-government projects. ITPOSMO means Information, Technology, 

Processes, Objectives and values, Staffing and skills, Management systems and 

structures, and other resources (time and money). The research also suggested that 

mismatch of e-government initiatives can be assessed along above seven dimensions, 

and concluded that succeed or fail of an e-government initiative depends on the degree 

of mismatch between the design of that initiative and the realities. Others focus on the 

measurement of e-government success. From user’s perspective, Lisle-Williams [150] 

defines the successful e-government in three criteria, service quality, choice, and user 

experience. Service quality focuses on objective measures. Choice addresses not only 

personalization, but also privacy and anonymity. User experience refers to subjective 

and often influenced by small factors. Steyaert [230] adopts e-commerce performance 

indicators - consumer awareness, popularity, contact efficiency, conversion, and 

retention, proposed by Watson et al. [243] to analyze federal and state e-government
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service cases in USA. Consumer awareness deals with the number of visitors to a site. 

Popularity refers to the rank of the site. Contact efficiency indicates site usability and 

content. Conversion refers to customer satisfaction, transactions and time on the site. 

Retention deals with customer loyalty.

Two main categories of research results are government website evaluation and e- 

government success or failure criteria. Concerning the government website evaluation, 

DeConti [66] proposes a methodology to evaluate and analyze the government websites 

in six areas: audience, purpose statement, objectives, web specification, domain 

information, and web presentation. Smith [225] applies the evaluation criteria of 

Eschenfelder et al. [76] to sample of five websites of New Zealand government. The 

Eschenfelder et al [76] evaluation criteria are divided into two groups, information 

content criteria and ease-of-use criteria. Information content criteria are used to evaluate 

the nature of the information and services provided by the website, including orientation 

to the website; the content of site; currency; metadata; availability of services; accuracy 

and privacy. Ease-of-use criteria are used to evaluate the ease of use of website, which 

includes links, feedback, accessibility, design and navigability. Huang, D'Ambra and 

Bhalla [108] examine the adoption of e-government in Australian public citizens based 

on the technology acceptance model (TAM) [64], Huang et al. [108]'s research effort 

focused on an actual system usage with two constructs, perceived usefulness and 

perceived ease of use. Their research indicated that the prediction of TAM theory was 

not supported by the findings.

In addition, Burgess and Cooper [30] propose a website evaluation model called Model 

of Internet Commerce Adoption (MICA). The MICA model classified websites as the 

three stages: inception, consideration and maturity. Sites in the inception stage provide 

basic information or have a basic web presence. Sites classified in the consideration 

stage demonstrate an extension of basic information including email, online inquire and 

contact, information on extended services and general value-added information. 

Maturity stage sites include high-level value-added services, such as secure online 

transaction processing. Boon, Hewett and Parker [26] test the MICA model in the 

context of Australian local government websites and modified the model to make a 

clear distinction between the more progressive, sophisticated sites and those relatively 

simplistic sites.
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3.2.3 Experimental and observational research

Experimental and non-experimental methods are regularly used in business research as 

well. Although experimental methods are usually associated with natural science and 

laboratories, it is possible to conduct some experiments in context of business research. 

Experimental research involves the researcher attempting to control the environment of 

the subject of the research, and measuring the effects of controlled change. The validity 

of experiments refers to the extent of the information collected in a study truly reflects 

the phenomenon, and determines the confidence in the outcomes of research. The 

essence of the experiment is that the researcher ideally controls all the relevant variables 

in the experiment [235], In the experimental research, the researcher is concerned with a 

dependent variable, independent variable and a number of control variables. The 

dependent variable is a measurable outcome of the experiment. The independent 

variable represents a quality or characteristics varied or manipulated during the 

experiment. The control variables are used to control the possible effects of other 

variables on the outcome of the experiment.

Observation research is one of the non-experimental methods. Observation is found in 

almost all research studies, at least at the exploratory stage [59], The observation 

method principally involves looking, which can be done with the naked eyes or with the 

help of recording equipment. The observation is a simple research method without s 

great deal of methodology to be considered, and it usually involves gathering 

information without their knowledge. Observation can have the advantage of being 

unobtrusive, and it can overcome some of the problems that arise when subjects are 

aware of the researcher’s presence [235], The results of observations can be recorded 

and analyzed qualitatively and quantitatively.

3.2.4 Prototyping approach of information systems
Prototyping, as an approach of information systems development, has gained popularity 

among practitioners and academicians in the information system field. Prototyping is a 

worthwhile technique for quickly gathering specific information about users’ 

information requirements. Effective prototyping should come early in the systems 

development life cycle, during the requirements determination phase [119], Here, the 

following definition is adopted. An information system prototype is an early version of 

a system that exhibits the essential features of the later operational system. Some
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information systems prototypes may evolve into the actual production systems whereas 

other are used only for experimentation and may eventually be replaced by the 

production system [10],

Prototyping has many approaches. The following four major approaches [119] are 

described here. (1) Patched-up prototype. This kind of prototyping has to do with 

constructing a system that works but is patched up or patched together. An example in 

information system is a working model that has all the necessary features but is 

inefficient. In this instance of prototyping, users can interact with the system, getting 

accustomed to the interface and types of output available. (2) Non-operational 

prototype. This prototype is a nonworking scale model that is set up to test certain 

aspect of the design. A nonworking scale model of an information system might be 

produced when the coding required by the applications is too extensive to prototype but 

when a useful idea of the system can be gained through the prototyping of the input and 

output only. (3) First-of-a-series prototype. This kind of prototype involves creating a 

first full-scale model of a system, often called a pilot. This type of prototyping is useful 

when many installations of the same information system are planned. (4) Selected 

feature prototype. This type of prototyping concerns building an operational model that 

includes some, but not all, of the features that the final system will have. When this kind 

of prototyping is done, the system is accomplished in modules so that if the features that 

are prototyped are evaluated as successful, they can be incorporated into the larger, final 

system without undertaking immense work in interfacing.

3.2.5 Appropriate approaches used in this study
The research domain of intelligent e-government is particularly challenging, because of 

the lack of established scope and definition. Also, there is a great deal of terminological 

ambiguity in the research topic. This research uses the following definitions of terms.

• A research methodology refers to the study of research methods.

• A research method refers to the manner for a particular research topic.

• A research technique refers to a specific means to resolve the problem when the 

research is undertaken.

Several different methods and approaches are used in this research, shown in Figure 3-2. 

The approach used in the related chapter is presented as follows.
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• In Chapter 4, firstly, an evaluation approach and a quantitative method are used 

to conduct evaluation model and analyze the collected data.

• Then, Chapter 4 uses the observation method to propose a development model 

of personalized government online services in the context of Australia.

• Chapter 6 uses the prototyping approach to develop a recommender system.

• Chapter 7 conducts a range of experimental approach to evaluate the 

performance of a recommender system prototype proposed in this study.

Quantitative
method Chapter 4 (Effectiveness 

evaluation of Australian 
government online 
servicesEvaluation

approach

Chapter 4 (Development 
model of personalized 
government online 
services

Observational
method

Chapter 6 (Smart Trade 
Exhibition Finder: System 
Design and 
Implementation)

Prototyping
approach

Experimental 
evaluation approach

Chapter 7 (Performance 
evaluation of 
recommender system

Figure 3-2 Methods and approaches used in this study

3.3 Summary
This chapter describes the relevant research methods and approaches for this study. The 

quantitative method is used in chapter 4 with the evaluation approach to conduct the 

effectiveness evaluation of government online services. Also, an observational method 

is used in chapter 4 to develop the personalized development model of government 

online services. The prototyping approach is applied in chapter 6 to develop the
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recommender system prototype. The experimental approach is used in chapter 7 to 

evaluate the performance of recommender system.
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Chapter 4

Development Model of Australian 

Government Online Services

This chapter presents an effectiveness evaluation of government online services in the 

context of Australia. Based on the evaluation findings, a development model of 

personalized government online services is proposed and described. This chapter is 

presented in the following sections.

4.1. Effectiveness evaluation of government online services

This section conducts an effectiveness evaluation of government online services based 

on the Australian practices. Furthermore, with the discussion of findings, the issues of 

personalization services in government online services are introduced.

4.2. Development model of government online services

This section first discusses the existing development models of government online 

services. Then based on the observation on these existing models, a novel model, called 

personalized development model of government online services, is proposed.

4.3. Summary

This section draws a summary of this chapter.
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4.1 Effectiveness evaluation of government online services
This section conducts an effectiveness evaluation of government online services in the 

context of Australia. It focuses on the issue: what factors affect the effectiveness of 

government online services in Australia? On the basis of the effectiveness evaluation we 

desire to confirm that personalization techniques may have an important impact on the 

development of government online services. First we propose an evaluation model of e- 

government service success, and then, based on a range of constructs, identify the 

factors that affect the effectiveness of government online services in Australia. The 

specification of the evaluation model is based on the theoretical and empirical sources.

4.1.1 Design of an evaluation model
This section proposes an evaluation model to evaluate the effectiveness of government 

online services. The effectiveness of government online services deals with both 

measures of information system success and e-commerce success. In the context of 

information systems, this study involves information system success measures and user 

satisfaction. In the context of e-commerce, website success measures are investigated. 

Since DeLone and McLean [68]'s model was proposed in 1992, a number of studies 

have undertaken empirical investigation of the multidimensional relationships amongst 

the measures of information system success [194, 217-219, 244], DeLone and McLean 

[68] model explains the impact of information system at the individual and 

organizational level. A number of literatures indicate that DeLone and McLean [68]'s 

model, shown in Figure 4-1, has been used as a basis of information system evaluation.

System
Quality

Use

AL
Information
Quality

User
Satisfaction

Individual
Impact

Organizational
Impact

Figure 4-1 DeLone and McLean's model for information system evaluation

Thus, the evaluation model proposed for this study is partly adopted and extended from 

DeLone and McLean [68] model, as shown in Figure 4-2. Furthermore, another new
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construct, namely web presence quality, is added to DeLone and McLean [68] model 

because web presence quality is crucial in the online environment.

This evaluation model conceptualizes information system success as effectiveness of 

government online services, which is measured by user satisfaction (US). This model 

presents the impact of three independent constructs (system quality, information quality 

and web presence quality) on the dependent construct US, including both internal US 

and external US. The external US focuses on the public users and the internal US 

emphasizes on the organizational users.

Internal User 
Satisfaction

External
User
Satisfaction

Effectiveness of 
Government 
Online Services 
(User Satisfaction)

Web Presence 
Quality

System
Quality

Information
Quality

Figure 4-2 An evaluation model of government online services

The measures in the evaluation model are mostly derived from the measurement of 

information system success and e-commerce success. The relevant literatures indicate 

that these measures are important for the three constructs, system quality, information 

quality and web presence quality. However, there are no criteria to justify the weights of 

each measure. Thus, the average scores of the variable, adopted in the prior study [151], 

are used as a criterion for selection of the measures in the proposed model.

User satisfaction (US)
Since the success of information systems is difficult to measure directly, many 

researches have turned to indirect measures such as US [114]. Cyert and March [61] 

propose the concept of US as a surrogate of information system success. Since then, 

many prior research efforts employed user satisfaction to measure information success.
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US has been considered one of the most important determinants [71] and the most 

widely used measure of information system success [68],

Moreover, in this model, US has been employed as a surrogate measure for e- 

government effectiveness. It is supposed that US can be affected by the three 

independent instructs - system quality, information quality and web presence quality. 

Each independent construct includes a few measures. The constructs and the 

corresponding measures and labels are shown in Table 4-1.

Table 4-1 List of constructs, measures and labels
Construct Measure Label

System Quality (SQ) Accessibility VI

Feedback speed V2

Security V3

Information Quality

(IQ)

Information

currency

V4

Functionality V5

Content importance V6

Web Presence Quality

(WPQ)
User-friendly V7

Display format V8

Navigation

efficiency

V9

User Satisfaction (US) Internal user

satisfaction

Internal US

External user

satisfaction

External US

System quality

System quality refers to the technical details of the information system interface [68], 

Many different measures of system quality have been adopted in the previous literatures, 

such as accuracy [93], convenience of access, and reliability [15], rapid access, security,
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quick error recovery, precise operation and computation [24], and responsiveness and 

follow-up services.

In the model, the following three measures are adopted for system quality construct: 

accessibility, feedback speed, and security. In the web-based e-government context, 

accessibility refers to access convenience of system. Customers should be able to reach 

the company website at any time. This means that downtime should be as close to zero 

as possible. Feedback speed refers to availability and speed of responsiveness and 

contact management. Security concerns reliability of information systems. Security of 

online transaction is necessary to transmit financial information over the web, because 

of increasing involvement of online transaction in government online services.

Better system quality has been expected to lead in better effectiveness of government 

online services. Therefore, the following hypothesis is caused.

Hi: system quality is positively associated with effectiveness of government online 

services.

Three measures, VI, V2 and V3, affect system quality. Therefore, this leads to sub

hypotheses Hm,Hi.2,Hi.3.

Hi-i: accessibility (VI) is importantly associated with system quality.

H1-2'■ feedback speed (V2) is importantly associated with system quality.

H1-3: security (V3) is importantly associated with system quality.

Information quality
Information quality concerns the characteristics of information [68], Many different 

information characteristics have been used as the measures of information quality, such 

as currency [15], accuracy, timeline, completeness, relevance [9, 15], flexible and 

customized information presentation, service comparability, service differentiation [18],

Based on the previous information quality construct, information quality is viewed as 

having three aspects: information currency, functionality and content importance.

• Information currency - it is relevant to timeline of information.

• Functionality - it concerns with website functions and information completeness 

to meet user needs.
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• Content importance - this refers to relevance, completeness, and accuracy of 

information.

It is expected that increases of information quality will lead to the increase of 

effectiveness of government online services. This causes hypothesis 2.

H2: information quality is positively associated with effectiveness of government

online services.

We have proposed that three measures, V4, V5 and V6, affect information quality. Thus, 

the following three sub-hypotheses are caused.

H2-1’ information currency (V4) is importantly associated with information quality.

H2-2: functionality (V5) is importantly associated with information quality.

H2-3: content importance (V6) is importantly associated with information quality.

Web presence quality
Web presence quality refers to the quality of e-government websites. There are a 

considerable number and variety of factors associated with website quality. For instance, 

high quality, text, graphics, image and animation [104], consistency in user interface, 

design for different customers, system status information [77], well defined hyperlink, 

help function, ease to use [93], information availability and friendliness [240], present 

style, format and processing efficiency [232], In our model, three measures are 

employed for web presence quality, which are user-friendly, display format, navigation 

efficiency. User-friendly concerns the availability of attracting users. Display format 

refers to presentation style of websites. Navigability efficiency means that a website 

must be easy to navigate in order to please customers.

In the government online services, website acts as an interface interacting with users. 

Thus, it is hypothesized that better web presence quality will positively influence the 

effectiveness of government online services. This leads to hypothesis 3.

H3: web presence quality is positively associated with effectiveness of government 

online services.

It is assumed that the measures V7, V8 and V9 affect web presence quality. Therefore, 

the following three sub-hypotheses are led in.
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H,. j: user-friendly (V7) is importantly associated with web presence quality.

Hs-2 format (V8) is importantly associated with web presence quality.

H3.3: navigation (V9) is importantly associated with web presence quality.

4.1.2 Data collection

In this study, data is collected by a questionnaire. Scale techniques are sometimes 

known as ‘Likert scales’ [147] after the psychologist who developed methods for their 

user and analysis. Likert scale is popular scale technique and is used for our 

questionnaire design. In the technique, respondents are asked to indicate their agreement 

or disagreement with a proposition or importance they attach to a factor, using a 

standard set of responses. Based on the Likert scale technique, in our questionnaire a 

satisfaction score can range between one and five, where one represents the highest 

satisfaction and five is the highest dissatisfaction. For example, 1 - extremely satisfied, 

2 -satisfied, 3 - adequate, 4 - dissatisfied, and 5 - extremely dissatisfied.

In the study, data is collected from both internal and external users. The internal users 

imply the related government agencies’ staffs and they are familiar to the government 

online service activities. An email-based survey is employed for data collection. The 

survey is operated through measures based on the previous literatures. Three pilot 

studies were conducted from selected agencies. Based on the responses from them, the 

format and readability of the survey questions were modified. To test the organization 

level satisfaction, an Australian-wide government website search is completed to collect 

data in this study. A hundred government agencies are selected from the Australian 

government entry point http://www.australia.gov.au and its links. Because some of 

these websites indicate to share one port with others and a few delivery failures 

occurred, only 80 valid questionnaires were sent out successfully. Totally 30 valid 

responses were received and 37.5% response rate is obtained. Among the responses, it 

indicates that of five (17% ) was obtained from federal government, of 19 (63%) is from 

s.ate government, and of six (20%) is received from local government. In addition, 

according to Dickman (1998), a small sample is one of less than 25 observations, while 

a sample of 25 or more will be deemed as large. The sample size is enough large for 

valid data analysis.

90



The external users are those customers who regularly use the e-government websites. 

To test the external user satisfaction, eight questionnaire forms are emailed to research 

students and academic staff in Faculty of Information Technology at University of 

Technology Sydney, who are our colleagues and it is sure that they are regular users of 

e-government websites. Also it is assumed the participants should have certain 

knowledge of website design. Although the amount of questionnaires is not very large, 

the targeted audiences are experts on website design and website quality so that more 

useful response than random audiences is obtained. These expert audiences are required 

for visiting all the 30 websites provided and completing the survey questions. Six 

responses are received and 75 % valid response rate is obtained which is very high 

response rate.

4.1.3 Data analysis

Comparison of internal and external user satisfaction
The investigation results of US are shown in Table 4-2. From internal user’s viewpoint, 

the statistical data shows that about 1/3 of agencies feel the government websites as 

'satisfied', including 26.7% ‘satisfied’ (ranking in 2) and 6.7 % ‘extremely satisfied’ 

(ranking in 4). 40% of agencies feel their site as ‘adequate’ (ranking in 1). However, 

there are 23.3 % appeared 'dissatisfied' (ranking in 3) and 3.3 % 'extremely dissatisfied' 

(ranking in 5). From external user viewpoint, half users feel the government websites as 

‘satisfied’ (ranking in 1) and 35% feel ‘adequate’ (ranking in 2).

Importantly, we have found that the average US from internal and external users are 

basically consistent, with 2.9 of the average US for internal users and 2.5 for external 

users. The responses show the score 1, score 4 and score 5 are in the same ranking, 

respectively ranking in 4, 3, and 5. The only difference is the ranking of score 2 and 3. 

internal users ranked score 3 (adequate) on first rank, while external users ranked score 

2 (satisfied) on first rank. The consistence of two survey results have confirmed the 

success of this study. The little difference might be caused by the small population of 

external users. Furthermore, the total score of US can be obtained by averaging the 

whole responses, which is 2.7, beween satisfied (score 2) and adequate (score 3) and it 

is closer to score 3 (adequate). Thus, we conclude that the US of Australian government 

online services lies on ‘adequate’ level.
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Table 4-2 Comparison of Internal US and External US

Scale of US Internal US External US

No % Ranking No % Ranking

1 - extremely satisfied 2 6.7 4 10 5.6 4

2 - satisfied 8 26.7 2 91 50.5 1

3 - adequate 12 40 1 63 35 2

4 - dissatisfied 7 23.3 3 14 7.8 3

5 - extremely

dissatisfied

1 3.3 5 2 1.1 5

Total 30 100 180 100

Reliability analysis
The construct reliability is assessed in terms of Cronbach's a coefficient [60], 

Cronbach's a coefficient is regarded as a measure of internal consistency at the time of 

administration of the questionnaire. Cronbach's a coefficient of greater than 0.70 is an 

acceptable reliability [180] but lower threshold (e.g. 0.60 or above) is also used in 

research literature [108], In this study, model reliability of EUS were examined, which 

confirmed all Cronbach's a coefficients are above 0.7. Then total Cronbach's a 

coefficient of each construct is obtained by simply averaging the coefficients contained 

in each construct. Cronbach's a coefficient of both internal US and external US is listed 

in the Table 4-3. The results show that the constructs are reliable.

Table 4-3 Reliability analysis with Cronbach's a coefficient

Construct No. of Cronbach's« Cronbach's #
Indicator (Internal US) (External US)

System Quality 0.76 0.73

Infomration Quality 3 0.71 0.72

Web Presence Quality 0.80 0.73

Hypotheses testing
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The three factors were examined in relation to their impacts on US. A one-way analysis 

of variables (ANOVA) is conducted with each factor as the independent variable, and 

internal US and external US as the dependent variables, separately. The ANOVA results 

with p-values of internal US are shown in Table 4-4, while with those of external US 

are shown in Table 4-5.

Table 4-4 ANOVA results to test relationship between constructs and internal US

Construct Measure Sum of

Squares
df Mean

Square

F p-value Mean p-

value
System

Quality

VI 9.810 4 2.452 4.961 .004** 0.009**

V2 5.980 4 1.495 3.486 .021*

V3 10.843 4 2.711 5.203 .003**

Informatio

n Quality

V4 3.760 4 .940 6.514 .001** 0.007**

V5 7.742 4 1.935 4.779 .005**

V6 8.621 4 2.155 3.756 .016*

Web V7 5.411 4 1.353 7.110 .001** 0.001**
Presence V8 7.986 4 1.996 6.918 .001**
Quality V9 9.821 4 2.455 7.356 .000**

*p<0.05, **p<0.01

It can be found from Table 4-4 that all nine measures have p-value < 0.05. According to 

p-value, the measures fall into two groups. Group 1 - two (V2 and V6) of the nine 

measures, which indicate that p-value is greater than 0.01 and less than 0.05. This 

means that V2 and V6 have important effects at 5 % level. Group 2 - the other seven 

measures (VI, V3, V4, V5, V7, V8, V9), which have p-value less than 0.01. This means 

that the seven measures VI, V3, V4, V5, V7, V8, and V9 have significant effects at 1 % 

level. Furthermore, the average p-values are 0.009 for SQ, 0.007 for IQ, and 0.001 for 

WPQ. Thus, the results from viewpoint of internal users support all the three hypotheses, 

Hi, H2 and H3. Meanwhile, all the nine sub-hypotheses are also supported because of 

each p-value is less than 0.05.
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Table 4-5 ANOVA results to test relationship between factors and external US

Construct Measure User
no.

Sum of 
squares

df ms f p-value Mean ]3-value

SQ

VI

1 1.750 2 .875 3.399 .048* 0.045* 0.042*
2 2.567 2 1.283 3.726 .037*
3 3.819 3 1.273 1.753 .181
4 22.578 4 5.644 8.162 .000**
5 5.800 3 1.933 5.484 .005**
6 2.904 1 2.904 27.440 .000**

V2

1 1.642 2 .821 3.026 .065 0.033*
2 2.042 2 1.021 2.434 .107
J 4.065 3 1.355 3.857 .021*
4 11.978 4 2.994 5.051 .004**
5 5.188 3 1.729 6.011 .003**
6 2.904 1 2.904 27.440 .000**

V3

1 1.617 2 .808 8.559 .001** 0.047*
2 3.600 2 1.800 6.750 .004**
J 3.708 3 1.236 3.386 .033*
4 10.411 4 2.603 4.210 .010*
5 2.133 3 .711 3.467 .031*
6 .181 1 .181 2.018 .167

IQ

V4

1 5.267 2 2.633 6.971 .004** 0.014* 0.019*
2 2.417 2 1.208 6.591 .005**
3 3.919 3 1.306 3.122 .043*
4 11.711 4 2.928 3.724 .016*
5 19.008 3 6.336 6.514 .002**
6 1.337 1 1.337 6.650 .015*

V5

1 7.750 2 3.875 15.973 .000** 0.031*
2 3.300 2 1.650 2.621 .091
3 1.708 3 .569 2.403 .090
4 18.411 4 4.603 5.363 .003**
5 14.721 3 4.907 15.046 .000**
6 2.504 1 2.504 72.800 .000**

V6

1 8.800 2 4.400 8.486 .001** 0.011*
2 4.950 2 2.475 8.100 .002**
3 2.832 3 .944 5.295 .006**
4 18.478 4 4.619 2.970 .039*
5 4.000 3 1.333 4.000 .018*
6 .300 1 .300 12.600 .001**

WPQ

V7

1 4.692 2 2.346 12.239 .000** 0.074
2 3.442 2 1.721 2.918 .071
3 10.994 3 3.665 11.379 .000**
4 30.567 4 7.642 7.320 .000**
5 4.762 3 1.587 2.733 .064
6 .185 1 .185 1.089 .306

V8

1 7.467 2 3.733 31.500 .000** 0.033* 0.024*
2 4.950 2 2.475 4.243 .025*
3 5.094 3 1.698 11.398 .000**
4 19.678 4 4.919 5.777 .002**
5 5.221 3 1.740 3.942 .019*
6 .448 1 .448 2.144 .154
1 2.250 2 1.125 7.500 .003** 0.014*
2 4.492 2 2.246 3.593 .041*
3 12.375 3 4.125 14.315 .000**

V9 4 23.578 4 5.894 7.447 .000**
5 3.008 3 1.003 3.576 .027*
6 2.700 1 2.700 7.088 .013*

*p<0.05, **p<0.01
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In contrast, the results, shown in Table 4-5, indicate the viewpoint of external users. All 

measures (VI - V6 and V8 - V9) have mean p-value less than 0.05, except V7 (user- 

friendly) with means p-value 0.074 (greater than 0.05). This result indicates that user- 

friendly is not importantly associated with web presence quality, and user-friendly has 

no: significantly effects on internal US. The hypothesis H3.1 should be rejected from the 

construct WPQ. The average p-values are 0.042 for SQ, 0.019 for IQ, and 0.024 for 

WPQ. The sub-hypotheses Hh H1-2, H1-3, H2-1, H2.2, H2-3, H3.2, and H3.3 are supported 

as well as /^-values of VI (0.045), V2 (0.033), V3 (0.047), V4 (0.014), V5 (0.031), V6 

(0.011), V8 (0.033) and V9 (0.014) are less than 0.05. Therefore, we conclude that the 

results from viewpoint of external users support all the three hypotheses. All sub

hypotheses are also supported by the results.

Discussion of the evalaution findings
Apparently, the research outcomes indicate that the user satisfaction on Australian 

government online services lies only on 'adequate' level and this indicates that 

customers' expectations are only satisfied to a limited extent. The two surveys from 

both internal and external users caused consistent results above, and this confirmed the 

success of this study. All the three main hypotheses, Hi, H2and H3, have been validated 

by the results of data analyses.

System quality is positively associated to effectiveness of government online services 

(Hi), thus an increase in the quality of system leads to an increase in effectiveness of 

government online services. System quality includes accessibility, feedback speed, and 

security. A net positive effect from these factors will result in a positive effect on 

effectiveness of government online services. These factors should be remained 

important considerations for the e-government developers and managers.

Information quality is positively associated to effectiveness of government online 

services (H2), thus an increase in the quality of information leads to an increase in 

effectiveness of government online services. Information currency, functionality and 

content importance constitute the construct of information quality. Thus, a net positive 

effect from these factors has resulted in a positive effect on effectiveness of government 

online services. Information currency, functionality and content importance should be 

considered as important factors when presenting information.
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Web presence quality is positively associated to effectiveness of government online 

services (H3), thus an increase in the quality of web presence leads to an increase in 

effectiveness of government online services. User-friendly, display format, and 

navigation efficiency are used to measure web presence quality. Thus, a net positive 

effect from these factors will result in a positive effect on effectiveness of government 

online services. User-friendly, display format, navigation efficiency should be 

considered as important factors for web designers. On the other hand, public users do 

not care user-friendly factor. Easy to navigate and easy to find the relevant information 

are most important for them.

The results indicate that the viewpoints of evaluating the effectiveness of government 

online services are slightly different between the internal users and external users. 

Internal users address on all nine factors to evaluate the satisfaction, which are 

accessibility, feedback speed, security, information currency, functionality, content 

usefulness, user-friendly, display format and navigation efficiency. However, external 

users emphasize only on the other eight factors except user- friendly. We believe this 

is due to external users paying more attention on the service quality of e-government, 

and a small size of population from external users can also be another reason to cause 

the difference.

According to the internal users, all sub-hypotheses in the research model are fully 

supported. All the measures (accessibility, feedback speed, security; information 

currency, functionality, content importance; user-friendly, display format, navigation 

efficiency) are positively associated to constructs separately. From external users, the 

statistical conclusions partially support the sub-hypotheses in the research model. That 

is, user-friendly is not positively associated the web presence quality. Others are 

positively associated to the constructs separately.

In addition, the results also demonstrate that the three constructs have different weight 

on affecting effectiveness of government online services. According to the internal users, 

the quality of web presence has a highest weight among them, while system quality and 

information quality have almost equal weight on influencing effectiveness of 

government online services. Web presence quality is most important for promotion of
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effectiveness of government online services. That is, the quality of web presence 

influences effectiveness of government online services most. On the other hand, from 

the external users, information quality and web presence quality influence have 

approximately higher weight than system quality on influencing effectiveness of 

government online services. That is, information quality and web presence quality 

influence effectiveness of government online services more than system quality.

From the results, we can identify that the underlying factors, system quality, 

information quality and web presence quality influence significantly the effectiveness of 

government online services. The results empirically demonstrate the relationships 

between the three conducts - system quality, information quality, web presence quality 

and user satisfaction. The relationship is useful in determining the development 

strategies of government online services.

The study has provided an effectiveness evaluation of Australian government online 

services. The findings show that the most of the surveyed websites do not fully meet 

users' expectations because the user satisfaction of Australian government online 

services lie only on 'adequate' level. This indicates that e-government is still in its early 

stage. Demands of customers have been understood completely and agencies are not so 

clear how to present their information and services based on the needs of customers. 

Furthermore, the results suggest that web presence quality and information quality 

influence effectiveness of government online services more than system quality from 

user perspectives. This will help the relevant participants of e-government addressing 

management concerns of success strategy. In general, effectiveness of government 

online services may be achieved through making high user satisfaction.

4.2 Development model of government online services
After decade years of e-government practice, government online services have rapidly 

developed in many aspects, for example, some new technologies have been applied in 

the government online services. The existing e-government models cannot meet the 

current e-government practices. In order to achieve better services, a new development 

model of needs to be proposed and developed.

97



4.2.1 Existing development models of government online services
There is no single generally accepted definition of e-government. E-government is 

much more than putting information and service online, and it is about using 

information technology to its fullest to provide services and information [230], E- 

government definition and application are very broad and comprehensive, which can 

include web-based applications, call centre, government-wide intranet communication, 

etc. Our research addresses the web-based e-government applications, called 

government online services in this study.

Most existing development models of government online services focus on classifying 

functions and features offered by current e-government. There are three models in 

relevance to government online services in the existing literatures.

Three ring model. Koh and Prybutok [126] adopt the 'three ring model' of the Internet 

functions proposed by Koh and Balthazard [125] to explain the application and 

development of e-government. The 'three ring model' captures an e-government 

application in three primary categories, information uses, transactional uses, and 

operational uses. Information uses refer to use of the Internet to disseminate information 

educate, entertain, influence or reach the consumers. Transaction uses concern with the 

use of the Internet to support a coordinated sequence of users and system activities that 

ultimately results in the transfer of value. Operational uses refer to offer the new 

mechanisms for conducting business operations by integrating the other Internet 

applications, such as, workflow management, project management, and customer 

relation management.

Gartner's model. According to Gartner's four phases of e-government model proposed 

by Baum and DiMaio [19] describe e-government development in four phases: phase 1 - 

Presence, phase 2 - Interaction, phase 3 - Transaction, and phase 4 - Transformation. In 

the first phase, governments are excited to create a homepage on the web. Phase 2 

provide the abilities to download forms, perform simple searches, and e-mailing 

government officials. In the Phase 3, the application typically include the online 

transaction ability for constituents to pay parking fines, file taxes, renew driver's license, 

and apply for permits. In the final phase, governments start looking at creating web 

portals to serve as one-stop-shops for their constituents.
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Layne and Lee's model. In addition, Layne and Lee [142] posit four stages of a growth 

model for e-government: (1) cataloguing, (2) transaction, (3) vertical integration, and (4) 

horizontal integration. These four stages are explained in terms of complexity involved 

and different levels of integration. In Layne and Lee's [142] model, initial efforts of e- 

government in first stage called 'cataloguing' focus on cataloging government 

information and presenting it online, such as, establishing online presence, presenting 

catalogues, and offering downloadable forms. The second stage is called 'transaction', 

which focuses on providing functions to citizens for transacting with government 

electronically. The functions include offering services and forms online, working on 

databases to support online transactions. Furthermore, by having similar agencies across 

different levels of governments and by having different agencies with different 

functionalities talk to each other, citizens view the government as an integrated 

information base. Thus, Layne and Lee's [142] model conducts the third stage of e- 

government is vertical integration that refers to local, state and federal governments 

connected for different functions or services of government, such as, local systems link 

to higher level systems. In contrast, the fourth stage of e-government, horizontal 

integration, is defined as integration across different functions and services.

4.2.2 Personalized model of government online services
Based on the observation on Australian e-government practices and our previous 

research, we have proposed a development model of intelligent government online 

services, as shown in Figure 4-3. The model extends Layne and Lee's [142] and 

Gartner's [19] models.

Phase 4: Intelligent government Online 
Services

Phase 3: Integrated Government Online Services

Phase 2: Transaction-based Government Online Services

Phase 1: Government Information and Service Online

Figure 4-3 A development model of personalized government online services
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At the Phase 1, Government information and service online, government information 

and services are delivered to its citizens and businesses through the Internet. 

Furthermore, by adding simple groupware functionalities such as web forms, emails, 

bulletin and chat rooms, two-way communication is supported. Most Australian 

governments' efforts on web development belong to the first phase. In Australia, with its 

systems of the Federal and State governments, the use of the Internet to communicate 

between the government agencies is particularly relevant. The Australian federal 

government website at http://fed.gov.au contains links to all the State government sites. 

The site http://www.fed. gov.au provides transparent and comprehensive access to 

government agencies and information. In addition, Australian federal government entry 

point http://www.gov.au links to ten Internet entry points of Federal, State/Territory and 

Local government. Each entry point gives a brief description and a link to follow. The 

site http://www.australia.gov.au/ is the main entry point of Australian government 

online service. This site assists people to find the government services by linking to 

several topic-oriented websites without having to know the name of government agency 

involved. The site provides people with easy access to government information and 

services. One can follow the links to most areas of government by several clicks.

Phase 2 - Transaction-based government online services. People can use government 

websites to complete transactions. The second phase of e-government focuses on 

service-oriented e-government activities, including to link databases to web interfaces 

so that users can pay bills online.

Phase 3 - Integrated government online services. Increasingly there are some whole-of- 

government requirements that cut across all agencies, some that bind a number of 

agencies together, and some that agencies can decide on an individual basis. The 

integrated online service delivery channels will be needed and it will link with existing 

delivery channels such as shop fronts and call centers. This phase would be able to 

provide clients with ‘one-stop shop’, and make it unnecessary for clients to know the 

structure of government [201], This integration may happen in two ways: vertical and 

horizontal. Vertical integration refers to the different levels (local, state and federal) of 

government connected for different functions or services. In contrast, horizontal 

integration deals with different functions and services in the same level of government.
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Customers are getting better services that are streamlined and integrated with other 

services offered by other governments or the private sector, and that make it easier to 

use the services and transact with government.

Phase 4 - Intelligent government online services. Providing high quality information 

and integrated communication services are no less challenging and may evolve into 

knowledge management services and become adaptive, personalized, proactive and 

accessible from a broader variety of devices [89], This phase emphasizes on intelligent 

presentation of web content, personalized services, intelligent decision support, and 

direct citizen participation in government decision-making. Personalization is one of 

most popular techniques in this phase.

In the integrated phase, a vast volume of information may be gathered in one portal. 

People are difficulty to find the information what they want to. Thus, government online 

services would implement a personalized, one-to-one relationship between 

citizen/business and government. Personalization is one of important functionalities in 

the intelligent government online service phase, and recommender system is one of 

most popular techniques in personalization applications. Also, a particular priority for 

Australian e-government has been the integration or linking of related services that 

might be provided by the same agency, different agencies, agencies in other 

jurisdictions, and private sector partners, so that customers can carry out multiple 

transactions during a single instance of service [201], After complete of integrated 

government online service phase, higher level of e-government would implement 

intelligent services [92], for example, personalized relationship between citizen and 

government. All citizens can have an electronically maintained, personal profile of their 

financial interactions with government to improve the efficiency.

4.3 Summary
This chapter accomplishes two main aspects: One is to conduct the effectiveness 

evaluation of government online services. According to the evaluation results, several 

challenges can be identified to develop better government online services. Firstly, 

government agencies and organizations should actively seek ways to promote quality of 

information and web presence. This requires assisting in users to find the information
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and services from the websites. Secondly, government agencies and organizations 

should focus on the way in which customers use the websites, so that web developers 

can maintain user-oriented website design and content development. Last but not the 

least, government agencies and organizations need work on assisting in users to locate 

right information on the websites and meanwhile recommender the information which is 

not on the websites. A recommender system is one of the useful techniques to achieve 

this goal.

Another aspect discussed in this chapter is a personalized development model for 

government online services. Personalization can be identified as one of main directions 

for government online services. Personalization is a technique used to generate 

customized services for each user. Through personalization an organization can focus 

on customer intimacy and enhance its overall value. Although the full potential of 

personalization techniques have not broadly been realized, a few government agencies 

have launched to offer simple personalization function through provision of online 

personal profile.
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Chapter 5

Hybrid Recommendation Approaches for 

One-and-only Items

This chapter proposes two recommendation approaches for this study.

5.1. One-and-only item recommendation

This section presents the problem of one-and-only item recommendation.

5.2. A hybrid recommendation approach integrated with semantic similarity analysis 

This section proposes a novel hybrid recommendation approach by integrating semantic 

similarity analysis techniques with the traditional CF approach.

5.3. A hybrid recommendation algorithms with fuzzy logic

This section proposes a new recommendation framework by integrating fuzzy logic 

techniques with the traditional CF approach.

5.4. Summary

This section draws a summary for this chapter.
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5.1 One-and-only item recommendation
The major task of a recommender system is to suggest relevant items to individual users. 

The items can be divided into repeatable items and one-and-only items. The repeatable 

items are those items possessing many amount and the different users may purchase or 

use repeatedly, for example, book, movie, etc. The one-and-only items are those unique 

items. Once the item is purchased or is timely ended, the user cannot see another exactly 

same one. For instance, a trade exhibition event is a one-and-only item, and it may 

include many sections, for example, China's 95th Canton Fair, includes sections like 

clothes, manufactured goods, food and much more. Each user has special desires about 

the section of trade exhibition when he/she provides a rating of interest or preference. 

The house can be another example of one-and-only item. Once the house is purchased 

by a buyer, you cannot find the same one with same location, age, price, and decoration.

This research covers the one-and-only item in the recommendation framework. In the 

traditional e-commerce recommender systems, almost recommended items are the 

repeatable items. A number of different users may purchase and rate the items without 

the time limitation. Flowever, the traditional approach is less effective to apply in the 

one-and-only item recommendation. For example, once a trade exhibition is ended, it 

would be difficulty to obtain the user ratings, and before the trade exhibition starts, it is 

a new item without any ratings. The traditional rating-based CF approach is useless for 

the one-and-only item recommendation issue.

Furthermore, although recommender systems have gained successful applications in e- 

commerce domain, the approaches used in these systems do not understand the semantic 

relationships amongst exhibition's features and attributes. This results in a difficulty to 

provide an accurate recommendation to businesses for the trade exhibitions. In addition, 

the traditional approaches cannot automatically explain the reasons of recommendations 

to users.
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5.2 A hybrid recommendation approach integrated with semantic 

similarity analysis
5.2.1 Similarity and prediction computation
Currently, there are mainly two types of recommendation algorithms for CF approach: 

user-based and item-based algorithms. Most CF recommender systems use either user- 

based or item-based techniques. However, there is an inconsistent understanding in 

related to the definition and scope of item-based and CB recommendation techniques. 

For instance, some researchers do not distinguish these types of algorithms, and simply 

view item-based algorithms as one type of CB approach, while user-based techniques as 

one of CF approach. We argue that the item-based technique is one technique of CF 

recommendation approach because the data sources are the user ratings, while the data 

sources of CB approach are the keywords of textual documents. To clarify the concepts 

of CF algorithms, a diagram is shown in Figure 5-1 to present the category used in this 

study.

User-based CF 
Algorithms

Item-based CF 
Algorithms

Algorithms for 
CF Approach

Figure 5-1 Types of CF algorithms

The goal of a CF algorithm is to suggest new items or to predict the utility of a certain 

item for a particular user based on the user’s previous likings and the opinions of other 

like-minded users. In a typical CF scenario, there is a list of m users U={ui,u2,..,um}, and 

list of n items I={ii, i2, .... in}- Each user has a list of items which the user has 

expressed his/her opinion about. Opinions can be explicitly given by the user as a 

numerical rating scale, or can be implicitly derived from purchase records, by analyzing 

timing logs, by mining web hyperlinks and so on. Note that Iui c 1 and it is possible for 

Iu, to be a null-set. There exists a distinguished user ua e U called the active user for 

whom the task of a collaborative algorithm is to find an item likeliness that can be of 

two forms.
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• Prediction is a numerical value, Pa.h expressing the predicted likeliness of item /, 

£liia. This predicted value is within the same scale (e g. from 1 to 5) as the 

opinion values provided by ua.

• Recommendation is a list of N items, /, cz/, that the active user will like the 

most. Note that the recommended list must be on items not already selected or 

purchased by the active user. This list is also known as top-N recommendation 

list.

User-based CF Algorithms
User-based algorithms are the most widely used technology for CF [99], The basic idea 

of user-based CF algorithms is to provide item recommendations or predictions in a 

‘word-of-mouth’ manner, which considers the opinion of other ‘like-minded’ users. The 

opinions of users can be obtained explicitly from the users or by using the implicit 

measures. User-based CF algorithms use statistical techniques to find a set of users, 

called user neighbors for the target user. Then different methods can be adopted to 

combine the user neighbors’ ratings to produce a prediction rating for the target user. 

User-based CF algorithms have shown to be able to give relatively accurate prediction 

and are used in many applications. User-based techniques for CF primarily focus on the 

similarities among users rather than item similarities. Given a target user’s record of 

activity or preferences, user-based techniques compare that record with the historical 

records of other users in order to find the users with similar interests. This is the so 

called neighborhood of the current user. The mapping of a visitor record to its 

neighborhood could be based on similarity in ratings of items, access to similar content 

or pages, or purchase of similar items. The identified neighborhood is then used to 

recommend items not already accessed or purchased by the active user. The advantage 

of this approach over purely CB approaches is that it can capture relationships among 

items based on their intended use or based on similar tastes of the users.

User-based CF is also called memory-based method by Breese et al. [27], User-based 

algorithms utilize the entire user-item databases to generate a prediction. These systems 

employ statistical techniques to find a set of users, known as neighbors, who have a 

history of agreeing with the target user (i.e. they either rate different items similarly or 

they tend to buy similar set of items). Once a neighborhood of users is formed, these 

systems use different algorithms to combine the preference of neighbors to produce a
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prediction or top-A recommendation for the active user. The techniques, also known as 

k-nearest-neighbor (KNN) technique, are most popular and widely used in CF 

community [211].

KNN techniques in recommendation research are derived from information retrieval 

area. As the classification techniques in the information retrieval community, to 

classify an unknown document D, KNN algorithm [72] ranks the document’s neighbor 

among the training documents, and uses the class labels of k most similar neighbors to 

predict the class of the input document. The classes of these neighbors are weighted 

using the similarity of each neighbor to D, where similarity may be measured by for 

example the Euclidean distance for the cosine between the two document vectors.

The most prevalent algorithms used in CF are the KNN technique. In such technique, a 

subset of users is chosen based on their similarity to the active user, and a weighted 

aggregate of their ratings is used to generate predictions for the active user [101]. 

Neighborhood-based method can be separated into three steps [101], which may overlap 

or the order may be slightly different within specific systems.

• Weight all users with respect to similarity with the active user.

• Select a subset of users as a set of predictors (possibly for a specific item).

• Normalize ratings and compute a prediction from a weighted combination of 

selected neighbors’ ratings.

User-based CF recommendation process can be divided into three sub-tasks, namely, 

representation of input data, similarity computation base on algorithms, and 

recommendation generation. Figure 5-2 shows the schematic diagram of user-based CF 

recommendation process. This approach represents a user as an A-dimensional vector of 

items, where N is the number of distinct catalog items. The entire rating data are 

presented as M x N user-item matrix, A. Each entry ahj in A represent the preference 

score (rating) of the ith user on the jth item. Each individual rating is within a numerical 

scale and it can be as well as 0 indicating that the user has not yet rated that item.
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Figure 5-2 The process of user-based similarity computation

The algorithm generates recommendation to an active user based on a few other users 

who are most similar to the active user. The similarity sim (a, b) of two users a and b 

can be measured in various ways. A common technique is to measure the cosine of the 

angle between the two vectors of users, which is presented as

sim{a, b) = cos(a,6) a ■ b
ii -ii -
r 1 * b

(5-1)

where ‘ • ’ denotes the dot-product of the two vectors of users.

Item-based CF Algorithms

Item-based CF is another technique to deal with CF recommendation generation. Item- 

based CF algorithms [211] are proposed to improve the resolve of scalability problem 

occurred in user-based CF algorithms. The ideas of item-based CF are: firstly, finding 

similar items that are rated by different users in some similar ways. Then, for a target 

item, predictions are generated by taking a weighted average of the target user’s ratings 

on these similar items. Item-based CF algorithms avoid the bottleneck in user-user 

computations by first considering the relationships among items. Rather than finding 

user neighbors, the system tries to find k similar items that are rated (or visited) by 

different users in some similar way. Then, for a target item, predictions can be
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generated, for example, by taking a weighted average of the target user’s item ratings 

(or weights) on these neighbor items. Thus, these algorithms alleviate the scalability 

problem that exists in user-based CF algorithms, because the similarity computations 

are performed in the smaller space of the items, and because often the item-item 

comparisons can be performed offline.

Item-based approach looks into the set of items the target user has rated and computes 

how similar they are to the target items i and then selects k most similar items {11J2, • •-h} 

At the same time their corresponding similarities {su,s,2, ...s,*} are also computed. Once 

the most similar items are found, the prediction is then computed by taking a weighted 

average of the target user’s rating on these similar items.

Item-based CF computes the similarity between items and then to select the most 

similar items. The basic idea in item-to-item similarity computation between two items / 

and j is to first isolate the users who have rated both two items, and then apply a 

similarity computation technique to determine the similarity s„, between two items i and
./•

Figure 5-3 illustrates the isolation of the co-rated items and item-to-item similarity 

computation process, where matrix rows represent users and the columns represent 

items. Item-to-item similarity is computed by looking into co-rated items only. Each of 

these co-rated pairs is gained from different users.

ui

U:

Ua

Um

I, i2 ... i, ... i, ... in

R R

- R

R -

R R

Figure 5-3 The process of item-to-item similarity computation

109



There are a number of different techniques to compute the similarity between items. The 

most common three techniques of similarity computation are presented as follows.

Cosine similarity computation. This technique presents the two items as two vectors 

in the M dimensional user space. The similarity between two items i and j is measured 

by computing the cosine of the angle between the two vectors [208], In thtMx N rating 

matrix, similarity sim (i, j) between items /' and j is computed by equation

where ‘ • ’ denotes the dot-product of the two vectors of items.

In addition, Equation 5-1 computes the similarity of two users, while equation 5-2 

computes the similarity of two items.

Pearson correlation similarity computation. This technique measures the similarity 

of two items i and j by computing the Pearson correlation [196], To obtain the accurate 

correlation computation, the co-rated items (rated by both user i and j) are isolated. In 

the M-dimensional user space, the Pearson correlation is computed by

where rai and ra] denote the rating of user a on item i and j respectively, r and r. are the 

average rating of the ith and jth item respectively.

Adjust cosine similarity. One primary difference between the similarity computation in 

user-based CF and item-based CF is that user-based CF computes along the rows, while 

item-based CF computes along the columns. However, the important drawback of 

cosine similarity computation technique is that the difference in rating scale between 

different users is not taken into account. The adjust cosine similarity [211] offsets this

(5-2)

-TXC; ~rj)
sim(i,j) = (5-3)
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drawback by subtracting the corresponding user average from each co-rated pair. The 

similarity between items / and j can be computed by

2>- “OOV ~ra)
(5-4)

where ra is the average of the a-th user ratings.

Prediction computation
Weighted sum. This technique computes the prediction on an item i for a user a by 

computing the sum of the rating [211] given the user on the items similar to i. Each 

ratings is weighted by the corresponding similarity Simi:j between item i and j. This 

technique attempts to capture how the active user rates the similar items. The weighted 

sum is scaled by the sum of the similarity terms to ensure the prediction falling in the 

predefined range. The notion of prediction process of item-based CF algorithm is shown 

in Figure 5-4. The prediction Pa,i can be denoted by

Here, Ra,n implies the rating of user a on item Sim,„ denotes the similarity between 

item / and n.

F (5-5)
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Figure 5-4 Prediction process of item-based CF algorithm [211]

Linear regression model. This technique is similar to weight the sum but instead of 

directly using the rating of similar items, it uses an approximation of the rating based on 

regression model [211], In practice, the similarities computed by cosine or correlation 

measures may be misleading in the sense that two rating vectors may be distant (in 

Euclidean sense) yet may have very high similarity. In this case, using the raw rating of 

the ‘so called’ similar item may result in poor prediction. The basic idea is to use the 

same equation as the weighted sum technique, but instead of using the similar item Ap s 

raw values Ru,nS , this model uses their approximated values Rbased on a linear 

regression model. The linear regression model can be used and expressed as

Rn — ccRj + P + s (5-6)

where the respective vector of the target item z and the similar item N are denoted as Rj 

and Rn. In the regression model, parameters a and fi are determined by going over both 

of the rating vectors, and e is the error of the regression model.

5.2.2 Hybrid recommendation algorithms with semantic similarity analysis
It has been shown that item-based CF algorithms can achieve better prediction accuracy 

than user-based CF algorithms [211], Furthermore, since the item similarity can be pre

computed offline, it can alleviate the scalability problem that exists in user-based CF 

algorithms. It indicates that item-based CF algorithms still suffer from the problems 

associated with data sparsity, and they still lack the ability to provide recommendations
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or predictions for those new items. However, item-based CF approach provides the 

necessary ingredients to seamlessly incorporate other sources of evidence about items 

except to item ratings or weights. This flexibility comes from the fact that the 

computation of item similarities is independent of the methods used for generating 

predictions or recommendations, thus multiple knowledge sources, including structured 

semantic information about items, can be used for performing the similarity 

computations [171],

Thus, this study combines item-based CF and semantic similarity analysis (SSA) 

techniques to achieve a better recommendation performance, as shown in Figure 5-5.

Item-based Keywords- 
based CB

User-based Semantic
similarity
analysis

Collaborative filtering Content-based filtering 
(CB)

Figure 5-5 Category of recommendation techniques in this study

Broadly speaking, an item can be any subjects for the recommendation, for example, 

book, movie, TV program, product, product category, etc. In this study, an item 

particularly refers to exhibition, product or product category in the computing algorithm. 

A trade exhibition can have many sections, and the sections are classified based on 

product category. Such as 28th China Fair is an exhibition, it includes many sections: 

Giftware, Beauty, and Cosmetics, etc. Each section is classified based on product 

category. Product is subject to product category, such as ‘face cleanser’ is a product, 

and it is subject to the product category “Skincare”. More detailed explanation is 

presented in chapter 6.
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This approach looks into the set of items and computers how similar the items are to 

target item / and then selects k most similar items {ii, i?, h, ■■■h}- The recommendation 

is generated through several steps. Firstly it calculates the item-based CF similarity and 

semantic similarity respectively, then combines the item-based CF similarity and 

semantic similarity of items, and finally it computes how similar the items are to target 

item, and selects k most similar items {i}, 12, ...h} (k > 1). The recommendation is 

generated through algorithms.

Stepl: Computing item-based CF similarity

The critical task to generate a recommendation is to compute similarity between items 

and then to select the most similar items. The similarity between two items can be 

computed by using measures. Because each similarity measure is used in a particular 

application domain, some similarity measures are not well suitable for the real case in 

this study. For example, Euclidean distance (or distance) measures of concept similarity 

[144] are applicable only when a collection of documents is represented as a network. 

Cosine coefficient and Pearson correlation coefficient have been successfully applied in 

recommender systems to compute similarity measures [196], Cosine coefficients 

assume that the objects are represented as numerical vectors. CF-based approach is 

based on user ratings on items and the user-items ratings are represented as vectors. 

Item-based CF similarity uses item-based algorithms to compute similarity of two items 

and it is based on the rating data of users.

The step first computes the similarity of two items ip and iq, here p, q e N. N and M 

represents the number of items and users, respectively. Many measures can be used to 

compute the similarity between items. This study employs the Pearson correlation 

coefficient as similarity measure [210], since the previous research has shown its 

superiority in performance over others [27], We denote the item-based CF similarity 

between two items ip and iq as Istm(iP, iq), shown in equation 5-7.

M
-ap)x(am,q -aq)

m-1 (5-7)
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where a„Kp, a„u, represents the rating of user m on item ip, iq separately, and ap and aq

are the average rating value of the different users on p-th and cj-th item respectively, 

here,

a
p

lLa»',p

—----- , and a
M q

M
2 am,q

ni=]

M
(5-8)

Step 2: Computing semantic similarity

In this study, semantic similarity represents the degree of semantic relevance based on 

semantic rating. Unlike comparing two books or movies, we cannot compare similarity 

of two trade exhibitions E and E ’ simply based on their title or category. Also, similarity 

between two trade exhibitions E and E’ cannot only be compared according to user 

preferences. Business entity A and B may have different preferences even though both 

of them are interested in the same trade exhibition E. For example, business A is 

interested in Health section, whereas business B may be interested in Gift section of the 

trade exhibition E.

According to the SPR model, as shown in Figure 6-2, the exhibitions’ subsumes and 

semantic relevance of a product to its categories are taken into consideration for 

recommendation generation. The similarity measurement can involve in the 

computation of semantic similarity between items. Semantic similarity [198] refers to 

similarity between two concepts, objects or two items. For two trade exhibitions E and 

E\ we define sim(E, E) to be similarity between attributes x and x if all x e£ and x’e 

E'. Various measures have been developed for quantifying the notion of semantic 

similarity. Earlier techniques used path distances between terms [192], This approach 

assumes that all semantic links are of equal weight, which appears to be an 

unreasonable assumption for this study.

This step performs semantic similarity analysis on target product and product category. 

There are a list of N (N > 1) products J = {ji, j2, .... Jn} and C (C > 1) product

categories / = {ij, U, ■■■Ac}- Each matrix cinc presents the semantic relevance scale of the 

nth product with the cth product category. The semantic similarity measure
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SemSim(ip,iq), for two product categories (items) ip and iq, is computed using the 

standard vector-based cosine similarity, shown in equation 5-9.

Here, au,p, at q represents the semantic relevance rating of target product t on product 

categories ip, iq respectively.

Step 3: Integrating semantic similarity with item-based CF similarity 

In this step, similarity of two exhibitions is computed by combining two similarity 

formulas 5-7 and 5-9. We integrate the two similarity measures to get TotalSim(ip,iq) as 

their linear combination, as shown in equation 5-10.

Here, /? is a semantic combination parameter specifying the weight of semantic 

similarity in the integrated measure. If/? = 1, then we have TotalSim(ip,iq) = IsimOpJq), 

in other words we have only the item-based similarity. Whereas, if/? = 0, TotalSim(ip,iq) 

= SemSim(ip,icl), then only the semantic similarity is used. Finding the appropriate value 

for p is usually highly dependent on the characteristics of data. We can choose the 

proper value by performing sensitivity analysis for particular data sets in our 

experimental section.

Step 4: Generating recommendation

After computing the similarity between items, we select K(K> 1) most similar items to 

the target item and generate a predicted value for the target item. In order to compute 

predicted ratings value and generate recommendations, we use the weighted sum 

approach [211], shown in equation 5-11. As the name implies, this method computes 

the prediction on an item p for an active user a by computing the sum of the rating given 

by the user on the item similar to p.

N

(5-9)

Total Si m(ip ,/„) = /?* Isim (ip ,/',) + (!-/?)* SemSim(ip ,iq) (5-10)
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(5-11)
, x Tola/Sim(i p, ik))

TotalSim(i , /A.)
*-=i

Here, Pap denotes the prediction value of the active user a on target item p\ and ra,k 

denotes the rating value of the active user a on item k. TotalSim(ip, i^) shows the 

similarity weight between item k and itemp, here k = 1, 2, ...K.

5.2.3 A numerical example of recommendation generation

A numerical example is given to illustrate the procedure of proposed algorithm. The 

scale from ‘1’ to ‘5’ indicates that user interest to item, ‘1’ means most uninterested, 

and ‘5’ means the most interested. The missing data is assumed as 0 for calculation. The 

data can be obtained through online input by business users.

Stepl: Computing item similarity (e.g. exhibitions). A sample of user-item rating 

matrix is shown in Table 5-1.

Table 5-1 User-item rating matrix

Exhibitions

Relevance degree el e2 e3 e4 e5

Business userl 5 1 5 3 2

Business user2 4 5 4 4 1

Business user3 2 3 3 5 5

The similarity of each pair of exhibitions can be calculated by equation (5-7) and 

equation (5-9). We therefore have average rating vales: ax = 3.7; a7= 3; a3 = 4; a4= 4;

a5= 2.7. Next, the exhibition similarity degree matrix are computed and presented in 

Table 5-2.
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Table 5-2 Exhibition similarity degree matrix

I ■ (e e’ ) el e 2 e3 e4 e5

el i 0.53 0.98 0.13 -0.84

e2 0.53 1 0.50 0.50 -0.24

e3 0.98 0.50 1 -1 -0.72

e4 0.13 0.50 -1 1 0.72

e5 -0.84 -0.24 -0.72 0.72 1

We can find that e3, e4 are not very relevant as their relevance is low Isim (el, e4) = 0.13, 

while el, e3 are very relevant.

Step 2: Computing semantic similarity between target exhibition and other exhibitions 

SemSim (e, e) based on equation 5-10. Exhibition semantic similarity is computed 

according to the product relevance degree designed by domain experts based on SPR 

model. The exhibition semantic similarity matrix is presented in Table 5-3.

Table 5-3 Exhibition semantic similarity matrix
SemSim (e, e’ ) el c2 e3 e4 e5

el 1 0.40 0.84 0.17 0.20

e2 0.40 1 0.54 0.83 0.32

e3 0.84 0.54 1 0.05 0.18

e4 0.17 0.83 0.05 1 0.62

e5 0.20 0.32 0.18 0.62 1

Step 3: Integrating semantic similarity with item-based CF similarity. TotalSim(e, e ) 

can be obtained by combining the values of L,m (e, e ’) and SemSim (e, e ). Let (3 = 0.5 , 

we have Table 5-4.
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Table 5-4 Total exhibition similarity matrix

To ta 1STm (p, e ' ) el e 2 e3 e4 e5

el 1 0.46 0.93 0.15 -0.32

e2 0.46 1 0.53 0.53 0.04

e3 0.93 0.53 1 -0.51 -0.32

e4 0.15 0.53 -0.51 1 0.67

e5 -0.32 0.04 -0.32 0.67 1

Step 4: Generating a recommendation. We can calculate prediction values of each 

exhibition by equation 5-11 for all active users: Userl and User2 as shown in Table 5-5.

Set n =3, the most interested exhibitions for business userl, user2 and user3 are 

recommended, which are 

Business User 1:

el (Pj.ej = 0.84), e3 (Pi;e3 = 0.75), and e4 {P2,e4 = 0.52).
Business User 2:

e2 (P2,e2= 0.89), el (P2,ei = 0.85), and e3 (P2.e3= 0.85).
Business User 3:

e5 (Ps.e5= 0.96), e4 (P3,e4 = 0.80), and e2 (P3,e2= 0.60).

Table 5-5 Prediction values of each exhibition

Exhibitions

Recommendations el e 2 e3 e4 e5

Business userl 0.85 0.51 0.75 0.52 0.49

Business user2 0.84 0.89 0.84 0.69 0.45

Business user3 0.52 0.60 0.53 0.80 0.96

5.3 A hybrid recommenadtion algorithm with fuzzy logic
We have found that Perny and Zucker’s [188, 189] conceptual framework, while quite 

elaborate and flexible in itself, has some important drawbacks:
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• It is hard to set an appropriate value for the parameter /? balancing the impact of
A

CB and CF contributions to the final recommendation ^.

• The CF component is useless for recommending items that have not been rated 

yet; that is, for such items, their approach is totally reliant on pure CB 

recommendation.

The former is a limitation affecting hybrid CB-CF recommender systems in general. 

The latter is especially problematic to event recommendation. For this reason, an 

extension of their framework is proposed. To improve the clarity and simplicity of the 

exposition, we will maintain the same symbols to denote the various fuzzy relations that 

play a role in the recommendation process, and will not use the qualification relation Q, 

which can in fact be easily absorbed into the definitions of P+ and P~ by putting

P+(u, i) .•= T(P+(u, i),Q(u, i)) (5-12)

P-(u, i) .•= T(P~(u, i),Q(u, i)) (5-13)

with T a /-norm.

With the strengths and weaknesses of the various above-described approaches in mind, 

in this section we develop a robust conceptual framework for recommendation which 

can exploit the full potential of both CB and CF paradigms. In the following, we outline 

the most important details of hybrid recommendation strategy with fuzzy logic 

techniques for this study.

Preference modeling. We lift the restriction that min(P+(u, i), P~(u, i)) = 0, because it 

splits up users into crisp ‘pro’ and ‘contra’ sides w.r.t. any given item, while generally 

there is a smooth transition between the two camps. In general, we allow any couple 

(P+(u, i), P (n, i)) of values in [0, if to express a user’s feelings w.r.t. an item. The 

following ‘special’ values are distinguished:

(1,0) —> Outspoken preference, u likes i very much and would readily recommend it to 

others.
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(0, 1) —> Outspoken disgust, u hates /'.

(0, 0) —> Ignorance, u has not experienced, or expressed any opinion about, /.

(1, 1) —► Conflict, it has expressed contradicting opinions about /.

(-^,-^) —► Neutrality. The negative and positive arguments weigh up to each other.

It is important to stress that these two-sided evaluations are cognitive states reflecting 

the algorithm’s knowledge about the user’s preferences; each component captures the 

evidence gathered by the algorithm through explicit or implicit user querying about the 

item. To quantify the amount, and the quality, of the information we have about the 

evaluation of / by //, we introduce the [0, 77-valued measure K (‘knowledge’), given by 

K(u, i) = min(l, P (u, i)+P (u, i)). Then K(u, i) = 0 if (P+(u, i), P (u, i)) = (0, 0), and 0 

< K(u, i) <= 1 in all other situations.

Similarity. For comparison purposes, we assume that each item has associated with it a 

number of descriptive attributes. It is clear that as this description gets finer and more 

accurate, a measure of similarity will have more discriminating power. Computing [0, 

//-valued similarity between items described by attribute vectors is a problem well- 

covered in the literatures. We assume here that the fuzzy relation S in / is at least 

reflexive (an item resembles itself perfectly) and symmetrical (the order in which items 

are compared is irrelevant).

User similarity is more complicated. While it is technically possible to pursue the same 

approach as for items by comparing user description (profile) vectors, this is often 

impractical because in many e-services users are quasi anonymous and can only be 

assessed based on their actions. Moreover, the relation R we are looking for need not 

necessarily be symmetrical, as in CF the role of fellow users is primarily as advisors 

who can direct the target user to interesting items. Perny and Zucker [13] consider 

‘positive influence’ of 11 over v by evaluating to what degree everything u likes/dislikes, 

v likes/dislikes too. This amounts to the following equations:

f \

R(u,v) = T inf I(P+ {u, i), P+ (v, / )), inf I(P~ (u, /), P~ (v./))
iel iel

V J

(5-14)
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R(„, v) = T((P\} (P+)-' )(u, v), (P~ v; (P -)-')(«, v)) (5-15)

, where T is a /-norm and I is an implicator. The rationale of this equation can be 

understood if one recalls that t-norms and implicators extend classical conjunction and 

implication, respectively. A drawback of this equation and of existing CF approaches in 

general, is that by focusing strictly on those items that both u and v have rated, they tend 

to overlook a lot of interesting relationships in the domain. However, the existing 

researches have not taken rating into account so that CF algorithm cannot discover this 

shared interest. To circumvent this problem, we can reformulate the user similarity 

criterion as ‘for every item i that u likes, there exists a similar item that v likes’. In terms 

of fuzzy relations, this means we have to evaluate the sup-P-compositions Sot{P+Y1

and SoT(P~)~l instead of (P^)~l and (P )1’ and the equations 5-14 and 5-15 can be

Proposition 1. For every /-norm T, and every element u and v in U, the value of 5-17 is 

at least as high as that of equation 5-15.

Proof. Since we assumed S(i, i) =1 for each / in /, we find

replaced by equations 5-16 and 5-17.

(5-16)

(5-17)
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7 ( ini'/1 P^i a. /).sii|> T[S\L /). P^i r. /))) > 
v-1 j,i ' '

miliP (.7. /).su|)T(5(/, y), P" ( r\ / )) i )
f ’ J,.I 5 /

7 f inf JYP"T7/(.} i. T(S\ L /h F+iV. / i i j .v-'; ’ 4 ‘ " '
inf 1\P ' \n>i)/T{S{iJ:).P"" (r> i)))
r J ' '

T f mfI(P+(«./■). P+(r,/)). inf i(P" (a, i). P’~(v..i))

Proposition 1 means that any link discovered through classical CF, will also be found 

with our approach, so equation 5-17 is truly an extension of equation 5-15. We can 

further custom-tailor this equation by replacing the harsh sub-composition in it by a 

weighted average composition, that is:

R(u,v)

f

- 7
2c,I(P+ (u,/),supT(S(i, j),P+ (V,./))) 2c,I(P-(u,0,supT(S(i, j),P~(v,./)))
ieI J£J id

z
1GI

c 2>.

(5-18)

= r(p*„ (s„T (p1 r1 )x», v), p-A? (s„. <p- r1))(», v>) (5-19)

The weights c, can be chosen to reflect the importance of each item in the overall user 

similarity evaluation. For instance, if /, nor anything remotely similar to /, was rated by 

v, this item should not have an impact on R(u, v). We can obtain this behavior by 

putting

c, = sup T (S (/, j),K(v, j)) (5-20)
ici

Finally, for efficiency purposes, it is better to replace I in equation 5-18 by Nk(i) so that 

only a close neighborhood of each item / is considered during user similarity evaluation. 

Here, distant item j cannot make a substantial contribution to the outcome anyway 

because of the low value of S(i, j) .
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Recommendation equation. Proceeding in a similar vein as above, making optimal use 

of the information that the fuzzy relations R and S provide, we replace the 

recommendation all equations 2-12, 2-13, 2-14, 2-15 and 5-12, 5-13 by the following 

ones:

P(«, 0 = (P+ 0,04 - P~ («, 0 (5-21)

P\uJ)= sup t{ sup T(S{iJ\P+{vJ)\R{v,u)
VENk(u) \j£Nk(i) J

(5-22)

P~(u,i)= sup T sup T{S(j,j\p-(yJ)\R(y,u) (5-23)
veA^(w) \j£Nk(i) J

Proposition 2. For every /-norm T and implicator/, and every elements u in U and i in /, 

the value of equation 5-22 is at least as high as that of equations 2-14 and 5-12, and the 

value of equation 5-23 is at least as high as that of equations 2-15 and 5-13.

Proof. Similar to the proof of proposition 1.

Proposition 2 implies that equations 5-22 and 5-23 encompass the CB and CF 

paradigms simultaneously. The need for choosing an appropriate ft value to balance 

between the two components vanishes, because whichever of them has the stronger 

impact prevails. Moreover, these equations allow for useful recommendations that the 

existing hybrid approach could never come up with: if u is similar to v, and v likes j 

which is similar to /, then /' can be considered interesting for u. Not only does this idea 

allow the algorithm to explore new regions in the search space, it is in particularly 

relevant to event recommendation, for which the classical CF equation 2-13 does not 

yield any useful result. As evidenced by equations 5-22 and 5-23, in our setting users 

can influence each other even in this special situation.

Just like before, these equations can be straightforwardly replaced by weighted averages. 

Note that in all cases the final outcome equation 5-21 of the algorithm is two-valued:
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P(n,i) juxtaposes the arguments in favor of, respectively against, recommending u to i. 

If necessary, a suitable transformation to the linearly ordered scale [0,1] can be picked; 

this is the case, for example, if a top-A" recommendation is to be obtained from it, that is: 

a set of N most attractive items among the (unseen) elements of 1 for a particular user 

has to be constructed.

5.4 Summary
This chapter first states the one-and-only item problem. Then, two approaches are 

proposed to solve the problem. The first approach is called hybrid recommendation 

approach with semantic similarity analysis, which intends to integrate the semantic 

similarity analysis technique with the traditional approach to achieve better 

recommendation. Another approach is called hybrid recommendation algorithms with 

fuzzy logic technique, and this approach is useful as it is difficult to set an appropriate 

value for the combination parameter p to balance the impact in the first approach.
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Chapter 6
Smart Trade Exhibition Finder: System 

Design and Implementation

This chapter consists in the following sections.

6.1. STEF: smart trade exhibition recommender system

This section introduces the context of the recommender system STEF.

6.2. Product taxonomy

This section describes the proposed product taxonomy method, which is used for the 

STEF system.

6.3. Semantic product relevance model

This section proposes a novel semantic product relevance model for recommendation 

generation in the STEF system.

6.4. Analysis of the STEF system

This section conducts the system analysis in details, including overall procedure of 

recommendation, similarity computation, and recommendation generation for the STEF.

6.5. STEF: Prototype architecture

This section presents the architecture design of STEF recommender system prototype.

6.6. STEF: System implementation

This section demonstrates the implementation of STEF recommender system.

6.7. Summary

This section draws a summary of this chapter.
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6.1 STEF: smart trade exhibition recommender system
Trade exhibitions are typical examples of one-and-only items: business users are not 

able to submit their ratings until well after a trade exhibition has finished, so at each 

given instance in time there is a clear distinction between past, non-recommendable, 

rated items and future, recommendable, unrated items. Thus, in this study, we consider 

a particular government-to-business personalization application which is concerned with 

the recommendation of international trade exhibitions.

Participating in the international trade exhibitions is a fantastic way to find new market 

and customers for international businesses. The benefits of an exhibition are numerous. 

It creates an awareness of your business in a foreign market, gains first hand knowledge 

or simple learns about how international businesses are run. Furthermore, International 

trade exhibitions are frequently used in exporting firms’ marketing strategies and are of 

great value for exporting firms to communicate with potential and current customers 

from many countries in a short period of time. International trade fairs, conferences and 

trade missions have become relatively important promotion tools for exporters and 

industrial firms. It is vital that the government help companies to choose the right 

vehicle. The individual needs will vary between making contact with suppliers, 

potential suppliers, customers and alliance partners and ascertaining the best match of 

these needs to potential channels. For instance, the Australian Trade Commission 

(Austrade) is the Australian government agency that helps Australian companies to 

develop international markets. Austrade is represented in 109 locations in 57 countries 

all the world. Organizing trade exhibition participation and helping more Australian 

companies succeed in export are the important tasks conducted by Austrade 

(http://www.austrade.gov.au). However, Austrade can only offer simple, one-fits-all 

database matching functions via the web-based government online service channels for 

providing advices about international trade fairs. New techniques are needed to satisfy 

the interests and needs of particular business users.

Thus, this study develops a recommender system prototype, named STEF, as the test 

bed of the proposed recommendation approach. STEF attempts to tailor the relevant 

trade exhibition information to each particular business user’s preferences. STEF helps 

organizations to find the most appropriate trade exhibition, conference, industry or
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government business trade delegations to meet their specific needs. Furthermore, this 

study proposes the semantic product relevance model and the attendant personalized 

recommendation approach to help the businesses to choose the right trade exhibitions. It, 

therefore, helps exporters reduce the time, cost and risk involved in selecting, entering 

and developing international markets.

6.2 Product taxonomy
Product taxonomy has been used in the most online retails’ websites. However, since 

lacking of a standard for product appearance sequencing on the web, most online retail 

companies show their products based on web designers’ experience. It has to be 

determined by web designers that how customers seek the product information from 

online shops. This might result in ineffective to meet customers’ purchasing 

requirements, and even an unexpected failure of online marketing campaign. Product 

taxonomy provides a clear view of product lines for customers, and it is represented as 

hierarchical relationships between products. Product taxonomy tree technique has been 

widely emphasized since it reflects domain specific knowledge and may affect the 

results of the analysis [49],

In this study, product taxonomy tree is used to produce a classification approach and 

used as the basis of SPR model. Several levels are assigned to each class in a product 

taxonomy tree. Product taxonomy is represented as five-level hierarchical taxonomy 

tree, referred to as level 0, 1, 2, 3, and 4. An example is shown in Figure 6-1. Each 

level denotes the different meaning as follows.

• Level 0 - presents the root of hierarchical taxonomy tree;

• Level 1 - shows the industry class;

• Level 2 - denotes the product category;

• Level 3 - represents the product subclass; and

• Level 4 - denotes the different models of a product.
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Level 0

Consumer
goods

Chemicals

A: giftware B: beauty C: cosmetics

Level 1

Level 2

Level 3

Level 4

Figure 6-1 A hierarchical product taxonomy tree

Specific product instances (locating at a lower level, with bigger lever number) are 

under more general industry class and product class (locating at a higher level, with 

smaller level number). The nodes with leaves of the taxonomy tree denote the industry 

class, product class and subclass, whereas non-leaf nodes represent product instances. 

Each level represents the specific industry and product class. However, some product 

classes can be classified from more than one industry classes.

The industry class follows the existing category in Austrade 

('http://www.austrade.gov.au). one of Australian government agencies, which is shown 

in Table 6-1.
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Table 6-1 Industry class from Austrade

Aerospace & defence Agribusiness Automotives

Biotechnology Building & construction Business & finance

Chemicals, plastics &

rubber

Consumer goods Culture, media &

entertainment

Education & training Energy & utilities Environment

Food & beverage Forestry, wood & paper Health & medical

ICT Machinery, parts &

equipment
Mining & metals

Personal & other services Sports & recreation Textile, clothing &

footwear

Tourism & hospitality Transport & storage

Also, the specific examples of products in the different levels are shown in Table 6-2.

Table 6-2 Example of products in the different levels
Level 2 Level 3 Level 4

A: Gift ware A-l Jewellery A101 Ear ring

A103 Necklace

A-2 Toys A202 Game boy

A204 Cartoon

B: Beauty B-l Hair care B101 Shampoo

B103 Hair dye

B-2 Skincare B202 Face cleaner

B204 Body soak

C: Cosmetics C-l Lips C101 Lipstick

C103 Lip gloss

C-2 Face C202 Foundation

C204 Concealer

6.3 Semantic product relevance model
The main concerns of the CF algorithm are about prediction accuracy, problem of data 

sparsity, and scalability. Many of applications involve implicit and explicit voting, and 

some of the algorithms rely on an interpretation that any vote appearing in the database 

indicates a positive preference.
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However, these implicit and explicit voting have not considered the attributes of items. 

A trade exhibition event may include a number of subsections, i.e. China's 95th Canton 

Fair, including clothes, manufacturing products, food etc. Each user has particular 

desires when users give a rate of each item. Without taking these attributes into account, 

recommendation cannot be guaranteed. Thus, semantic similarity of items is considered 

in this study. In this study, we propose a semantic product relevance (SPR) model to 

conduct the semantic-based product relevance analysis. Figure 6-2 shows an example of 

the SPR model.

The SPR model allows domain experts to provide a relevance weight of product and its 

product category by defining relevance degree of product to its product category.

Figure 6-2 An example of the SPR model

In the approach, we represent a relevance of a particular product to its product category 

by a hierarchical concept tree with weights associated with each concept, thereby 

reflecting relevance of concepts to offer suggestions. The SPR model provides more 

expressive semantics than the most current recommendation approaches. For example, a 

cosmetic exporter wants to find trade exhibition information about cosmetics. Domain 

experts can define a range of trade shows related to it according to product taxonomy, 

such as health, chemical, beauty, fashion, and gift. The scale is presented from 1 (lowest
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relevance level) to 5 (highest relevance level), and any missing rating can be presented 

as 0. The scales 3, 2, 5, 4, and 4, shown in Figure 6-2, denote the respective relevance 

degrees with product category - health, chemical, beauty, fashion, and gift. The 

hierarchical taxonomy tree [49] is used as the manner of product taxonomy.

6.4 Analysis of the STEF system
6.4.1 Conceptual framework of dynamic personalization

Personalization can be of static or dynamic. Static personalization takes place at 

compile or design time, whereas dynamic personalization takes place at run-time. Static 

personalization is limited in that it defines a personalization at a certain point in time 

reflecting only the current interest and knowledge background of a knowledge worker. 

The limitations are obvious: dynamic changes of the interest and knowledge cannot be 

covered by the existing concepts. This is why concepts for dynamic personalization are 

becoming increasingly important. The main idea of dynamic personalization is to 

provide support for knowledge workers, allowing them to define personalization 

features which continuously adapt themselves to the needs, interest, context and 

environment in which the knowledge workers operate. Currently, although a number of 

scientific approaches deal with static personalization in different domains, and very 

little work has been done to address dynamic personalization at a conceptual level [116],

Also, an extensive study of existing knowledge-intensive systems in various domains 

reveals that many of them already offer features that support dynamic personalization. 

But from a scientific point of view, no sound conceptualization of the main aspects of 

dynamic personalization exists. This section is to treat dynamic personalization on a 

conceptual level. This is achieved by establishing a common understanding and 

definition of dynamic personalization, and by introducing a framework for dynamic 

personalization of knowledge-intensive systems based on the current user context. The 

framework is held generic to enable its applicability to a number of knowledge

intensive domains where dynamic personalization aspects are required.

In the area of web application development, personalization is the process of gathering 

and storing information about the visitors of a website, analyzing the stored information, 

and based on such analysis, delivering to each visitor the right information in the right 

way with the appropriate access rights. Dynamic personalization is an interactive
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process of personalizing websites by determining individual customer motivations and 

requirements. The more it is able to learn and infer about users, the more effectively the 

system can tailor web content and layout appropriately. To provide relevant services to 

specific users, the content to be delivered must be selected according to the users' 

profiles. In the proposed framework shown in Figure 6-3, dynamic personalization 

process is characterized by the three layers: data collection, personalization engine, and 

personalization presentation. The data collection concerns with the acquisition of user 

and item data. The personalization analytics engine considers available content and the 

user profiles, and matches them dynamically. The personalization presentation is the 

creation of the personalized web applications.

User response Item updateLayer 3: personalization 
presentation

Layer 2: personalization 
analytics engine

User profiles Item profiles

Layer 1: data collection
User attributes Item attributes

Figure 6-3 A conceptual framework of dynamic personalization

In the context of e-commerce, the dynamic personalization process begins with a set of 

key customer attributes, having the greatest influence on a customer’s propensity to 

accept an offer. Multiple offers can be deployed to allow each customer selecting the 

best offer. In the proposed framework, dynamic personalization process has replaced 

fixed business rules in the traditional approaches with the capabilities of data mining. 

The personalization analytics engine is the key component, and it uses learned 

information to determine which content to present to the active customers. As each 

offer is presented, the automatic analysis program will record each customer’s response 

to the offer, and an ideal profile is conducted for defining the preferences of customer 

accepting an offer. The ideal profile may be further refined once an offer is accepted or 

rejected by a customer. For instance, in the first place, we assume that customer 

geography, past purchase history, income level and the customer’s specified interests as
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attributes are fed into the personalization analytics engine. After that, the 

personalization analytics engine uses these attributes to determine which content and 

offer the customer is most likely to accept. When customers visit the website or talk 

with a representative in the service account or call centre, the privileged offer based on 

the attributes will be suggested. The responses of each contact have been reflected in the 

customer profile to refine future personalization content and offer. In addition, the 

personalization analytics engine must be able to handle a very large amount of content, 

as well as many user profiles. Both the content and the users are constantly changing. In 

addition, the matching process must be able to select appropriate content efficiently.

Dynamic personalization is not driven by technology, but by the needs of web 

application providers and web users. It allows you to understand your presence from the 

perspective of your customers. Dynamic personalization approaches provide immediate 

advantages. Not only is your dynamic personalization solution designed for rapid 

deployment, it is also customized to integrate with your existing web personalization 

framework. Dynamic personalization is also scalable to any number of users. Dynamic 

personalization interprets user events in real time, allowing your web presence to be 

immediately adaptable to changing motivations and moods. By genuinely personalizing 

web interactions, dynamic personalization will attract new users to a website and retain 

them longer. By engaging each user as a participant, dynamic personalization enable to 

deliver an optimal web experience to users and completely tailor information to the 

needs of individual users.

Dynamic personalization would improve existing personalization approaches in the 

following ways. First, dynamic personalization system understands your users by 

interpreting every action and choice made on a website; these choices are based on 

varying dimensions involved in content and site layout. The analysis acts like a subtle 

psychological test administered to users while they browse; each choice allows the 

personalization engine to learn something about users' technology and interaction 

preferences. Next, as the system learns more about the motivations and requirements of 

users, it evolves a techno graphic profile for each of them, consisting of such inferred 

attributes as: interests, motivations, requirements, transaction mode preferences, and 

presentation preferences. Last but not least, dynamic personalization tailors content, 

screen design, and transaction flows. The system combines its understanding of
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individual users with intelligent personalization reasoning to appropriately modify web 

content and appearance. The modifications include content presented, screen layout, and 

transaction elements.

6.4.2 Data flow diagram of the STEF system

To understand the information requirements of users, the structured analysis technique 

called data flow diagram (DFD) [119], is used to present graphically data processes. 

The DFD of the recommender system STEF is presented in Figure 6-4.

Four symbols are used to chart data movement on the DFD: a double square, an arrow, 

a rectangle with rounded corners, and a rectangle, as shown in Table 6-3. The entire 

system can be depicted graphically with these four symbols in combination.

Table 6-3 The symbols used in data flow diagrams, their meaning and examples

Symbol Meaning Example

Entity user

Data Flow

Process Update
database

Data Store User profile 
database

The double square is used to depict an entity that can send data to or receive data from 

the system; The arrow shows movement of data from one point to another, with the 

head of the arrow pointing toward the data’s destination; The rectangle with rounded 

corners is used to show the occurrence of a transforming process; The rectangle 

represents a data store. The data store may represent a manual store, such as a database, 

a computerized algorithm file, or the final recommendation list.
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Domain
expert

User profile 
database

Trade exhibition 
database

Similarity
algorithms

Prediction
algorithms

Update database

Recommendation
list

Generate
recommendation

Compute similarity

Analyse
reason

Input data

Figure 6-4 Flow chart of recommendation process

6.4.3 Overall procedure of recommendation in the system

STEF is built by combining traditional recommendation technique with semantic 

product relevance. The semantic product relevance is derived from product taxonomy. 

The recommendation procedure is divided into four stages, as shown in Figure 6-5:
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Stage 1: Representation of input 
data

Stage 2: Representation of user 
profile and trade exhibition

Stage 4: Recommendation 
generation

Stage 3: Similarity computation

Figure 6-5 Recommendation procedure 

6.4.3.1 Representation of input data

Various explicit and implicit data collection methods have been used in recommender 

systems. Examples of explicit data collection method include: asking a user to rate an 

item; asking a user to rank a collection of items; asking a user to choose the best one 

between two items; and asking a user to create a list of items that he/she likes. The 

implicit data collection is mainly achieved by keeping purchase record and profile of 

clickdata. To generate a recommednation, algorithms has been developed to analyze the 

data and to derive a list of recommended items for the user.

Typically, in the context of e-commerce, the input data of a recommender system can be 

from many data sources, for example, web log files, product database, customer profile 

database and customer purchase history database. In the STEF recommender system, 

the data is from two data sources: business database and trade exhibition database.

• The business database is the objective data source and stores the information 

related to business, which includes its industry category, its import/export 

interests and target region, and business preference in trade exhibition, etc.
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• The trade exhibition database is subjective data source, which can be built by 

domain experts from government agencies and/or business entities. This 

database is designed based on the ontology of products.

A trade exhibition consists of a number of sub-sections, and each sub-section shows 

different products. However, these product' categories are based on certain category of 

industry class without a standard classification method. Usually, the organizers can be 

the designer of product category. Businesses are difficult to find the relevant 

information by checking each trade exhibition website or advertisement brochure. This 

research represents a product category in a more standard manner. Domain experts 

design product category by specifying the level of product aggregation on the product 

taxonomy. Similar products are identified and clustered together by product taxonomy 

techniques so as to conduct the next stages in a reduced product dimension. Based on 

the product taxonomy, the SPR model is used to provide the semantic relationships 

between the trade exhibitions. Furthermore, the SPR model is integrated with the 

traditional CF approach.

6.4.3.2 Presentation of user profile and trade exhibition

One of the key issues in developing a recommendation application is the problem of 

constructing accurate and comprehensive profiles of individual users that provide the 

most important information to identify the users’ interests and preference. Although 

various recommendation applications have contained different types of data about 

individual user, these data can be classified into two basic types, factual and 

transactional data. The factual data describes who the user is, and the transactional data 

describes what the user does. For example, in an e-marketing application based on 

purchasing histories of users, the factual data would be the demographic data of users, 

such as name, gender, birth date, and salary. The transactional data would consist of 

records of purchases that the user made over a period of time. A purchase record would 

include such attributes as the date of purchase, product purchased, product 

characteristics, amount of money spent, use or no use of a coupon, value of a coupon if 

used, discount applied, etc.

A user profile is a collection of information of user description. From the best 

knowledge so far, there are two main approaches to developing user profiles. One is
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factual and transactional information profiling, which contains important factual 

information of the users, and constructed from users’ demographic and transactional 

data. In their simplest form, user profiles contain factual information that can be 

described as a set of individual facts that, for example, can be stored in a record of a 

relational database table. These facts may include demographic information about the 

user, such as name, address, date of birth, and gender, that are usually taken from the 

user description data. The facts can also be derived from the transactional and item 

description data. Examples of such facts are Lthe favorite beer of user ALW392 is 

Heineken, the biggest purchase made by ALW392 is for $237, and the favorite movie 

star of ALW392 is Harrison Ford ’. The construction of factual profiles is a relatively 

simple and well understood problem, and keyword-based factual profiles have been 

extensively used in recommender systems [3],

Another approach is rule-based user profiling. It contains not only factual information 

but also rules that describe online behavior of users. These rules are defined by domain 

experts. The behavioral rules contained in this approach are not constructed in a truly 

one-to-one manner since these rules are specified by the domain experts rather than 

learned from the data and are applicable for groups of users [3], The behavioral rule can 

be learned from his or her transactional history. One way to define user behavior is with 

a set of conjunctive rules, such as association rule [8] or classification rules [28], 

Examples of rules describing user behavior are: ‘when user ALW392 comes to the 

website Yfrom site Z, she usually returns back to site Z immediately’, ‘when shopping 

on the NetGrocer.com website on weekends; userALW392 usually spends more than 

$100 on groceries’, ‘whenever user ALW392 goes on a business trip to Los Angeles; 

she stays there in expensive hotels. ’ The use of rules in profiles provides an intuitive, 

declarative and modular way to describe user behavior. These rules can either be 

defined by domain experts, or derived from the transactional data of a user using 

various data mining methods [3],

6.4.3.3 Similarity computation

One important step in recommender systems is the similarity computation. In the user- 

based CF, it is used to form a proximity-based neighborhood between an active user and 

a number of like-minded users. The neighborhood formation is in fact the process of the 

model-building or learning for recommender system algorithms. The main task of
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neighborhood formation is to find an ordered list of similar users for each user. The 

proximity between two users is usually measured by either cosine or Pearson correlation 

measures. This approach of similarity has been introduced in Section 5.2.1. After 

computing the all-to-all proximity between users, the next task is to actually form the 

neighbors. For a particular active user a, the neighborhood can be formed by simply 

selecting the k most nearest neighbors. Unlike the user-based CF algorithm, the item- 

based approach looks into the set of the active user has rated and computes how similar 

they are to the target item i and then selects k most similar items {ij, i2, ...ik}- At the 

same time, their corresponding similarities {su, sq, ...stk} are also computed. Once the 

most similar items are found, the prediction is then computed by taking a weighted 

average of the target user’s rating on these similar items. This approach has been 

introduced in Section 5.2.1 as well.

6.4.3.4 Recommendation generation

The final step of recommender system is to generate a recommendation list. Some 

different techniques can perform this task. In the e-commerce applications, user-based 

CF recommender systems use commonly the following two techniques [210]:

(1) Most frequent item recommendation. This looks into the neighborhood and for each 

neighbor scans through his/her past preferences and performs a frequent count of the 

item. After all neighbors are accounted for, the system sorts the items according to their 

frequency count and simply returns the k most frequent items as recommendation list.

(2) Association rule-based recommendation. Association rule-based techniques are 

concerned with finding association rules between two sets of items. On the other hand, 

item-based CF recommender systems employ the weight sum techniques and regression 

technique introduced in Section 5.2.1.

6.5 STEF: Prototype architecture
Prototyping approach has gained popularity among practitioners and academicians in 

the information systems field. In this research, without the redundant discussion of 

different definitions of information system prototype, an information system prototype 

in this research implies an early version of a system that exhibits the essential features 

of the later operational system. Some information system prototypes may evolve into
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the actual production systems whereas others are used only for experimentation and 

may eventually be replaced by the production system [10], Furthermore, a proper 

prototype facilitates fast response to user needs, allows clarification of user 

requirements, and offers an opportunity for experimentation. The proposed prototype in 

this research can be used for experimental purpose.

In this study, STEF is proposed to use the hybrid recommendation approach. STEF is a 

recommender system of trade fairs that suggests relevant trade exhibitions to exporters 

to improve product export and international business. A top-A recommendation list will 

be recommended to customer according to their particular interests and preferences. The 

STEF architecture is shown in Figure 6-6.

STEF recommender system constitutes of three components:

(1) Data Collector. It involves the collection of business information, preference, and 

trade exhibition information;

(2) DB Builder. It involves the development of databases - business profile database and 

trade exhibition database;

(3) Recommendation Engine. It suggests the trade exhibitions to individual business 

according to user's preferences.

The first two components, Data Collector and DB Builder, are fairly simply to build up 

by the database development techniques.
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Figure 6-6 The architecture of STEF recommender system

Framework of SSA-based recommender system engine

The main part of the recommender system is Recommendation Engine, which consists 

of five parts, as shown in Figure 6-7:

(1) User-based CF analyzer. This part finds the similar users. It employs KNN technique 

to find a group of user, known as neighbors, who they either rate different items 

similarly or they are interested in similar set of items with the target users. The user 

similarity algorithm is applied.

(2) User similarity module. This module offers prediction rating of users.

(3) Item-based semantic similarity analyzer. This part finds the similar items. It uses 

Semantic Product Relevance Model techniques to extract the semantic similar item. The 

item similarity is offered by domain experts and calculated based on an item similarity 

algorithm.
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(4) Item similarity module. This module offers prediction rating of items based on the 

similar items rating.

(5) Recommendation generator. This part generates a personalized top-N 

recommendation for business users. A prediction algorithm is used to calculate the 

similar items for recommendation.

Recommendation Engine

Domain
experts

Trade
Exhibition
Database

Item Similarity 
Algorithm

Prediction
Algorithm

Business
users Business

Profile
Database

User Similarity 
Algorithm

User-based
Preference
Analyzer

User
Similarity
Module

Item-based
Semantic
Similarity
Analyzer

Item
Similarity
Module

Recommendat 
ion Generator

Figure 6-7 Framework of SSA-based search engine

A Framework of the fuzzy-based recommender system engine

A schematic rendering of our conceptual framework is depicted in Figure 6-8. Although 

a complex and powerful mathematical apparatus is underneath, the general structure is 

very intuitive and easy-to-grasp for e-service engineers. Also, the framework’s high 

modularity may be noted; certain of its features may be switched on or off according to 

what the application at hand requires. For instance, if the symmetry between positive 

and negative arguments is assumed, the algorithms can proceed with only the fuzzy 

preference relation P+. If insufficient ratings have been recorded, and items come with a 

rich internal description, there may be no need for the item-based CF feature, etc.
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In terms of complexity, our framework’s increased search ability and expressiveness 

comes with an extra cost, as the construction of R and P require the computation of an 

additional supremum for any couple of elements, yet this cost can be kept within bounds 

by dynamically adapting the neighborhood size according to the need for extra 

information.

Next, we will demonstrate how our conceptual framework can overcome the difficulties 

in this domain, making significant improvements to the existing range of 

recommendation techniques.

First, we need to elicit users’ (i.e. businesses’) ratings of past trade events, which means 

we have to construct the fuzzy relations P+ and P~. For simplicity, we consider single

value numerical ratings on an integer scale from 1 (worst) to 5 (best). Assume that pu., is 

the rating value of user u for item i; we put pu,, = 0 if no rating is available for this user- 

item pair. To obtain the values of P+(u, i) and P~(u, i) for our algorithm we apply the 

following transformation:

Note that under these assumptions K(u, i) - 1 when u has rated /, and 0 otherwise.

(6-1)

(6-2)
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Figure 6-8 Hybrid fuzzy recommendation framework

6.6 STEF: System implementation
As a data collect interface and test bed, the system is implemented in Microsoft IIS 6.0 

environment with ASP programming language. The examples of system interface are 

showed in Figure 6-9, Figure 6-10, and Figure 6-11.
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Figure 6-9 An example of the STEF system interface

2 http://locaIhost/login.asp - Microsoft Internet Explorer
1 Edit View Favorites Tools Help 

\ Back * * 2m * "Search ' \ Favorites

http ://loca!host/login. asp

15 % ft ri

V/ ■ <?- Search Web j ^1; .. attempting to retrieve buttons from Yahoo!..

Existing members, please enter your Username and Password to continue.

User Name: :

Password: i

Not a member with us?
>n the link above to fiii the registration fc

Figure 6-10 Member login page
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3 httpi//localhost/preference.asp • Microsoft Internet Explorer

- - -SQ hnp //Iccaihost^retiorence asp

Y/ e - | Segf'J j - j ...adempbng to retrieve buttons from Yahoo!..

New Trade Exhibitions Rating

International Agricultural Fair 2003

North American Agricultural Program 2004

NAMPO Agricultural Show 2004

China Food 2004 and China Seafood Exposition 2004

The 3rd International Auto Aftermarket EXPO 2004 
(IAAE2004)

International Bio Expo Japan 2004 

Intenational Gift Show 

Canton Fair 2004

local intranet

Figure 6-11 User rating page

6.7 Summary
This chapter presents the design and analysis of the recommender system STEF. 

Product taxonomy is presented as a five-level hierarchical taxonomy tree. The SPR 

model is used to present the relevance weights of product and its product category. 

Also, this chapter presents the system analysis, system prototype architecture, and 

system implementation in details.
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Chapter 7
Experimental Evaluation and 

Result Analysis

This chapter presents the experiment design and analysis of experimental results, and 

conducts the performance evaluation of different recommendation approaches. Also, a 

discussion is presented to describe the advantages and disadvantages of the proposed 

approach.

7.1. Experiment design

This section presents the experimental design, including the selection of data sets and 

experimental procedure, the selection of evaluation metrics.

7.2. Experimental results

This section conducts a range of analyses based on the experimental results, including 

the determination of optimal neighbourhood size and optimal P value, comparison of 

recommendation accuracy, impacts of different recommendation approaches. Also, this 

section discusses the experimental results.

7.3. Summary

This section draws a summary for this chapter.
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7.1 Experiment design
7.1.1 Data sets and experimental procedure

The recommender system STEF has been developed as the test bed. As a first case, we 

address the effectiveness evaluation of our approach and prototype. To achieve this, we 

choose relevant websites including various information of the trade exhibition. The data 

was collected between January 2004 and January 2005. Totally 300 trade exhibition 

shows were selected from the relevant website as the experiment samples:

• Australian Trade Commission: http://www.austrade.gov.au.

• Australia Exhibition and Conference: http://www.aec.net.au/.

• Global Sources: http://www.globalsources.com.

• Tradeshow Week: http://directorv.tradeshowweek.com/directory/index.asp.

To compare the performance of our approach with the traditional ones, we choose the 

movieLens ('http://www.movieTens.org) data sets, which are the most common data set 

used in the recommendation research community. A number of experiments of 

recommendation researches have used the movieLens data sets because of the difficulty 

of obtaining the real data sets. We randomly select the data containing 100,000 ratings 

on 1682 movies from 943 users (only those rated more than 20 movies). Furthermore, 

the movies' classified attribute information is extracted from the Internet Movie 

database ('http://www.imdb.com). A movie includes attributes: movie_name,

release_year, actor, director and genre. The ‘genre’ has sub-attributes: love-story, 

comedy, action, war, mystery, science-fiction, and animation.

In the both data sets, each user entry in the data matrix R represents a rating on a 1-5 

scales, except that in cases where the user ; did not rate item j the entry rhj is null. This 

study first divides the data set into a random training sets and a test sets. The training 

sets are used to build the models, whereas the test sets are used to generate and evaluate 

recommendations. Our algorithms work on the training set and generate a set of 

recommendations, called top-A set. The experiments will look into the test set and 

match the items with the top-A set. To assure statistical accuracy, this process is 

repeated five times for the different random partitioning of the data sets. Also, a variable, 

called training ratio x, is used to determine what percentage of data is used as a training 

set and test set. A value of x = 0.8 would indicate 80% of the data was used as training 

set and 20% of the data was used as test set.
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Before starting full experimental evaluation of different approaches, this study 

determines the sensitivity of different parameters to algorithms and obtains the optimum 

value of these parameters, then uses them in the experiments. To determine the 

parameter sensitivity, this study works only with the train data, and further subdivides it 

into a train set and test set portion. The experiments will choose different train and test 

sets each time and takes the average value.

7.1.2 Evaluation metrics
Recommender systems have been evaluated in many incomparable ways. The existing 

studies on recommender systems have used a number of measures to evaluate the 

quality of a recommender system. The following evaluation metrics has been used in 

the existing research efforts.

Prediction evaluation metrics

(1) Coverage metric. This evaluates the number of items for which the system could 

provide recommendations. The overall coverage is computed as the percentage of user- 

item pairs for which a recommendation can be made.

(2) Statistical accuracy metric. This measure evaluates the accuracy of a system by 

comparing the numerical recommendation scales against the actual user rating s for the 

user-item pair in the test data sets.

To measure the accuracy of recommendations, the standard Mean Absolute Error (MAE) 

is the most widely used metric in recommendation research [27], MAE is calculated by 

the deviation of prediction from the actual rating. Assuming that, for item /, we have an 

actual rating a, and a prediction rating p,. First the absolute error between them is 

calculated. Then we calculate the average absolute error of all rating-prediction pairs for 

all the n rating-prediction pairs as MAE. Especially, given the set of actual/predicted 

rating pair <au p, for all the items in the test set, the MAE is computed by the equation 

7-1.

MAE
n

(7-1)
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Note that a lower MAE value represents higher recommendation accuracy. From this 

point of view, the recommendation algorithms are expected to achieve as low MAE as 

possible.

(3) Decision support accuracy metric. This measure evaluates how effective a 

recommendation engine is at helping a user to select high quality item needed from the 

set of all items. These metrics assume that the prediction process as a binary operation - 

either the items are predicted as ‘good’ or ‘bad’. In this case, a prediction score of 2.3 or

3.5 on the five-point scale is irrelevant. The most commonly used decision support 

accuracy metrics are ROC sensitivity.

Recommendation evaluation metrics

(1) Recall and precision metrics. Recall and precision [133] are the metrics initially 

used in the information retrieval community. To evaluate the quality of the 

recommendations, recall and precision have been widely used [17, 210], However, the 

definitions of recall and precision have slightly been modified as the experiment is 

different from standard information retrieval [212], Recall is defined as the ratio of the 

number of items in both the test set and the top-77 set to the number of items (Ntest) in 

the test set, and precision is defined as the ratio of the number of items in both the test 

set and the top-77 set to the number of items (N,op) in the top-77 set, which can be 

presented as the following equations 7-2 and 7-3.

recall = N ^'v > (7-2)
Nlest

precision = —(test r',opN ) (7-3)
N

However, these two metrics are in conflict because increasing the size of top-N set leads 

to an increase in recall but at the same time a decrease in precision. Thus, a widely used 

combination metric called FI [251], that gives equal weight to both recall and precision, 

will be used for quality experiments to represent the effects of combing precision and
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recall. FI is computed for each individual user and calculate the average value as the 

evaluation metrics. The computation is shown in equation 7-4:

F1 =
2 x recall x precision 

recall + precision
(7-4)

7.2 Experimental results
Based on the literature review, this study employs two most commonly used methods, 

MAE and FI, as the evaluation metrics in terms of accuracy and quality. For the 

following experiments in this section, we have the training sets include 400 items and 

test sets include 100 items. There are a fixed number of recommendation items. In all 

the experiments, we assign N = 6 in the top-N set. The finally we obtain top-<5 

recommendation list.

7.2.1 Optimal neighbourhood size
Neighbourhood size has been reported to have a significant impact on the 

recommendation quality [99, 210], To determine the optimum neighbourhood size, we 

perform an experiment through varying the number of neighbours and computing the 

corresponding MAE and FI. Then optimal neighbour size is obtained by considering 

both the value of MAE and FI. The experimental results about impact of 

neighbourhood size on MAE and FI are shown in Figure 7-1 and Figure 7-2 

respectively.

The two figures indicate that the neighbourhood size has an effect on the accuracy and 

quality of recommendations. Figure 7-1 shows that when a neighbourhood size is bigger 

than 30 neighbours, the curve tends to be flat. Therefore, the neighbourhood size 30 is 

the optimal value for having a minium MAE. In Figure 7-2, the neighbourhood size 50 

is the optimal value to obtain a maximum FI. Finally, the average value 40 is selected 

as the optimal choice of the neighbourhood size.
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Figure 7-1 Impact of neighbor number on recommendation accuracy MAE
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Figure 7-2 Impact of neighbor number on recommendation quality FI

7.2.2 Optimal P value
The experimental results about impact of P value on MAE and FI are shown in Figure 

7-3 and Figure 7-4 respectively. These two figures show that /? value does have an 

effect on the accuracy and quality of recommendations. Figure 7-3 indicates that 0.3 is 

the optimal value for having minium MAE. Figure 7-4 shows that 0.5 is the optimal 

value to obtain a maximum FI. Finally, 0.4 is selected as the optimal choice of p.

Obviously, the optimal /? values gained from the experiments depend on the data sets 

and they can vary based on the different data and settings. For example, optimal weight 

value [1 can vary when we integrate more than three similarity measures, as shown in 

equation 7-5.

TotalSim(ip ,/,) = /?, * Simx (ip , /,) + /?2 * Sim2 (ip, /,) + /?3 * Sim(i , / ) +..... (7-5)

Therefore, such linear integration technique shows its flexibility to suit for this type of 

recommendation domain and the others.
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Figure 7-3 Impact of (3 on recommendation accuracy MAE
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Figure 7-4 Impact of p on recommendation quality FI

7.2.3 Comparison of recommendation accuracy
Literature review has showed that CF is the most successful approach for 

recommendation. Furthermore, item-based CF has higher performance than others [211], 

Thus, we conduct a comparison with respect to predictive performance between our 

hybrid SPR-based approach and item-based CF. This experiment conducts a comparison 

of the maximum values of recommendation accuracy MAE to examine the necessity of 

integrating semantic rating into user rating. The experiment is based on the trade 

exhibition data sets. The experiment results are shown in Figure 7-5. Item-based 

approach is shown as Item, while 'Semantic' implies the pure semantic analysis 

approach. 'Item + Semantic' means the proposed hybrid SPR-based approach which 

integrates the item-based CF and Semantic Similarity Analysis approaches.
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Figure 7-5 Comparison of maximum MAE values

For a recommender system, prediction accuracy MAE and prediction quality FI have 

been used as the most important evaluation measure of recommendation performance. 

Thus, in this study, we conducted the comparison of different approaches based on MAE. 

The results indicate that, based on the trade exhibition data set, hybrid SPR-based 

approach proposed has lower MAE (0.71) than the traditional item-based CF approach. 

This achieves the best MAE value in the existing recommender systems. Also, the pure 

SPR-based approach can achieve the worst recommendation accuracy (with MAE is 

0.89) because of inadequate data about items and inadequate consideration on users’ 

preference. The item-based CF approach can achieve reasonable recommendation 

accuracy (with MAE is 0.83). According to the results, it can be observed that the 

proposed approach has a significantly lower MAE value. A hybrid SPR-based approach 

by combining items’ semantic information and the traditional item-based CF approach 

may achieve better accuracy of recommendation than the CB and CF-based approaches. 

Thus, it can be concluded that the proposed approach has a significant improvement on 

the recommendation accuracy in comparison to item-based CF and pure semantic 

approach.

7.2.4 Impacts of different recommendation approaches
Most recommendation research efforts in the literatures have selected movieLens data 

set to evaluate their recommendation performance. Thus, to compare the performance 

between our approach and the others, we choose movieLens data set as the experimental 

data set. These experiments aim to evaluate the improvement extent of the proposed 

SPR-based approach over the traditional approaches.
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Experiment 1: Improvement extent of resolving sparsity problem

Sparsity is one of problems in the traditional CF recommendation approaches. The 

recommendation accuracy has suffered from this problem. We suppose that the 

proposed SPR-based approach by integrating semantic knowledge with rating data can 

reduce the impact of sparsity problem. Thus, we conduct the experiment to test this 

hypothesis. In this experiment, firstly we vary the training ratio x value because the 

partition of the training data to the whole ratings data set may have a potential impact to 

the sparsity level. Next, for each combination parameter value p, we compute average 

MAE over five random training and test data sets. Finally we obtain the improvement 

degree in MAE achieved by SPR-based approach in comparison to the traditional item- 

based CF approach. Figure 7-6 shows the experimental results.

Sparsity Improvement

o 20

Training ratio

-♦— Improvement with MD Improvement with TD

Figure 7-6 Improvement extent of sparsity problem

While the overall recommendation accuracy drops as the proportion of training data is 

reduced, the results indicate that, generally, for sparser data sets, the semantic approach 

achieves larger improvements. As might be expected, this improvement starts to 

converge to 0 for very sparse data sets. This is because for very small training sets, 

neither approach can generate a reasonable number of recommendations. However, for 

up to a training ratio of 30%, the semantic approach provides improvements of up to 

20% in MAE scores.

Experiment 2: Improvement extent of resolving new item problem
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In this experiment, we address new item problem in CF approach: since there are no 

ratings for new items, standard item based algorithm cannot find item neighbors using 

rating similarity so that recommender systems fail to generate recommendations. This 

experiment attempts to determine the degree to which semantic information from the 

domain can help to produce accurate recommendations in the absence of any available 

ratings data for new items. We choose movies of having only one rating, and their 

ratings are selected as the test data. The actual movies in the selected data are those very 

recently released movies. In the training data, these movies receive no ratings at all, and 

thus they are considered to be ‘new items’. We compare our algorithm with a baseline 

algorithm, in which each user’s average rating from training data was used as the 

prediction for ‘new items’ in test data. The experimental results shown in Figure 7-7, 

indicate that, at all neighbor size levels, our algorithm can provide more accurate 

predictions than the baseline case.

New Item Problem Improvement

No. of Neighbors

•«... imporvement baseline

Figure 7-7 Improvement extent of new item problem

7.2.5 Discussion of the results

CF systems are often distinguished by whether they operate over implicit versus explicit 

votes For the existing CF approaches, even though the different algorithms have been 

implemented or integrated with the other techniques or approaches, the testing data is 

typically obtained by explicit or implicit voting. Explicit voting refers to a user 

consciously expressing own preference on an item, usually via a discrete numerical 

scale. For example, GroupLens system of Resnick et al. [196] uses a scale of 1 (bad) to 

5 (good) for users to rate Netnews articles, and users explicitly rate each article after 

reading it. Implicit voting refers to interpreting user behavior or selections to impute a 

vote or preference. Implicit voting implies interpreting user behaviors or selections to
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impute a vote or preference, usually according to web browsing data, purchasing history, 

or other types of information access patterns. However, the explicit voting is always 

difficulty to obtain the enough rating data, whereas implicit voting does not involve in 

item rating so that the recommender system is lack of personalization function. Our 

approach combines explicit and implicit voting data to achieve more accuracy 

recommendation. Also, Regardless of the type of vote data available, CF algorithms 

must address the issue of missing data we typically do not have a complete set of votes 

across all titles. We cannot assume that items are missing at random. In most 

applications, users will vote on items they have accessed, and are more likely to access 

(and vote) on items they like.

The experimental results demonstrate that the proposed approach in this study achieves 

several advantages in comparison to the existing recommendation approaches. It can 

improve the resolve of sparsity problem. The proposed approach enables more accurate 

prediction of user preference than the traditional approaches. Also, it can overcome new 

item problem of the existing approaches. By combining the semantic similarity 

techniques, new items can be recommended in a proper manner. In addition, semantic 

product relevance computation is completed offline, and this may reduce the 

computation consuming. The approach proposed will be faster than the traditional 

approaches since its many works can be done by domain expert offline.

7.3 Summary
This chapter presents the experimental evaluation results. Two data sets are used in the 

experiments: the trade exhibition data set and movieLens data set. MAE and FI are 

chosen as evaluation metrics for assessing recommender system performance. MAE 

measures the accuracy of system, while FI evaluates the quality of the system. In 

contrast to the traditional approaches, the experimental results indicate that the proposed 

approach can improve the resolve of sparsity and overcome new item problem to 

achieve better recommendation than the traditional ones.

On the other hand, it is possible that increasing amount of items in the database can 

cause a scalability problem. The impact of this problem can be reduced by regularly
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updating database and limiting the amount of items because those trade exhibitions held 

a few year ago can be out of fashion and useless for recommendation generation.
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Chapter 8
Conclusions and Further Study

This chapter draws conclusions and discusses some limitations of this study. Also, 

some future research directions are suggested. This chapter is presented in the following 

sections:

8.1. Conclusions

This section draws conclusions on this study.

8.2. Limitation

This section discusses the limitations of this study.

8.3. Further study

This section suggests several research directions for the further study.
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8.1 Conclusions
Since the services provided by e-government are becoming more widespread and varied 

on the Internet, personalization of service has being paid more attentions by both 

governments and researchers. However, the uptake of government online services by 

the business community has been less widespread than expected. This is attributed to 

the socio-technical limitations of the existing e-government architectures. The 

limitations would manifest in the various forms of lack of business awareness, 

information overload and low usability.

This research has fulfilled the following tasks: Based on the development model of 

government online services, personalized services are utilized in the e-government 

domain. Trade exhibitions are the one-and-only item recommendation class with some 

specific characteristics, which include that users cannot be provided with a rating until 

the trade exhibition is ended; and the past exhibitions are always different from the 

current ones. Although many hybrid recommendation approaches have been proposed 

in practice, not one is fully suitable for one-and-only item recommendation class. This 

study therefore attempts to cover an effective solution of such case in the traditional 

recommendation approaches. In this study, a novel recommendation approach is 

proposed by integrating semantic information with item-based CF recommendation 

approach. This study demonstrated a recommender system prototype STEF, which 

tailors trade exhibition advices to each business need and interest to improve both e- 

government service applications and international businesses. The proposed approach 

may overcome the weakness of the existing recommendation techniques. The 

experimental results have shown that the hybrid approach used in STEF has a better 

accuracy of recommendation than the traditional approaches. The system has achieved 

the best MAE value as far as we are concerned.

The proposed approach has two advantages. Firstly, the attributes of items provide 

additional clues about the underlying reasons for which a user may or may not be 

interested in particular items. This allows the system to make inferences based on this 

additional source of item knowledge. Secondly, in case where little or no rating 

information is available, the system can still employ the semantic similarity function to 

provide reasonable recommendations for users. The proposed approach has improved

161



the resolution of new item problem occurred in the existing recommendation 

approaches.

Most research efforts on recommendation systems can fall into three categories: 

technical system development research, user behavior and reaction research, and 

privacy issues [241], This study focuses mainly on technical system development 

research, especially the design and analysis of an algorithm for recommendation. A new 

recommendation approach is proposed to deal with one-and-only recommendation issue 

and alleviate information overload. This study suggested a novel recommendation 

approach, and developed a personalized recommendation system STEF. It indicates 

some advantages. (1) The recommendation takes domain expert knowledge into account, 

unlike the existing recommendation approaches which generate recommendation only 

based on user past behavior and history. (2) The proposed model can be used by 

government departments to increase the quality and appropriateness of information and 

reduce the amount of irrelevant information so that the targeted needs of businesses are 

met. (3) The SPR model is borrowed from e-commerce domain. Although the approach 

is tested in e-government to business domain, it may be utilized in a wider range of 

application domain, such as e-commerce, and e-learning.

The most important qualities of our results are: (1) The use of fuzzy relations and their 

various compositions allows us to optimally capture and exploit the relationships 

between users and items that exist in the domain, which is an enormous asset in the 

presence of sparse or non-existent rating data (as is the case with one-and-only items, 

like the trade exhibitions discussed). (2) The integration of the CF and CB paradigms 

into a single formalism presents an elegant, intuitive and unified synthesis of the 

problem of recommendation. (3) The two-sided positive/negative evaluations of the 

predicted preference of a user for an item can take the strength of the arguments into 

account in the recommendation process.

This study is conducted in the context of Australian e-government online services. 

However, the research outcomes may assist practitioners and researchers, in the 

developed countries, especially the ones that recognize the critical importance of 

government online services but remain unsure of how to implement the strategies 

effectively. On the other hand, the practitioners and researchers in developing countries
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can draw lessons from the practices and experiments of government online services in 

Australia, and then develop an effective strategy in combination with their own status. 

Finally, although our approach is developed in the e-government service domain, the 

other recommendation applications are able to use the mechanism developed in this 

study, especially for the same type of recommendation issues, such as recommendation 

issue of purchasing home and property, and so forth. An e-commerce recommendation 

application can generate a recommendation according to the features of particular 

products.

8.2 Limitations
Although the experimental results suggest that our proposed approach is effective to 

generate recommendation for users through the web environment, the data sets are 

limited to the particular trade exhibitions that have a small number of ratings from 

business users and experts. To compare the performance of different recommendation 

approaches, the movieLens data set has been used for our experiments because most 

existing experiments use the movieLens data set. However, to further evaluate our 

approach, more large data sets in trade exhibitions need to be used to determine the 

optimal neighborhood size and combination parameters. In addition, it is required to 

conduct more experiments in more details by larger data sets from a variety of data 

sources for the experiments of performance evaluation.

Furthermore, the attributions of items and relationship between items are determined by 

domain experts so that the database operation is more time-consuming with the 

increasing amount of items. Thus, automatic mechanism needs to be built up for 

gathering meaningful items’ attributions and relationship between items and saving the 

time.

Last but not at least, in order to provide recommendations, a recommender system must 

understand the desire and behaviors of individual users. This typically involves in 

collecting users’ information in some direct or indirect way and uses this information to 

develop recommender systems. Some recommender systems may explicitly ask users to 

specify certain interests or preferences, which reflect their desires of buying products or 

services. On the other hand, some recommender systems implicitly collect users’ buying
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or browsing behaviors. This type of implicit collection of user data results in privacy 

concerns. In this study, to avoid the privacy issue, we identify each user by only login 

name and password, and do not collect real user details. To offer higher degree of 

personalization, more accuracy user information should be obtained under agreement 

with the business users.

8.3 Further study
A common problem for government online services around the world is that its uptake 

by business community has been less widespread than the government’s expectations. 

The business potential and the return on investment of government online services 

therefore have not been folly realized. Australian companies have constantly been 

looking for new opportunities for their business, and desire to obtain assistances from 

government agencies. The Australian government agencies have to put enormous 

amount of money and staff to assist the businesses. For governments to understand the 

real business requirements, a clearer government-to-business service model needs to be 

developed in the future for assisting the generation of recommendation.

In the further study, it is interesting to conduct a real campaign with business users and 

evaluate the performance of the system. We have contacted the related government 

agencies to test the usage of recommender system STEF. After we obtain a feedback, 

we will further validate the current experimental results. The further study will 

concentrate on the performance evaluation of our approach in various different 

application domains. The data sets in current test bed will be expanded to cover 

conferences and trade delegations to significantly improve its usefulness to potential 

exporters. We also will extend the evaluation study to include frequently used 

recommendation data sets.

For the fozzy-based approach, we plan to evaluate our algorithm on large-scale data sets 

in order to meet the demands of realistic applications like the trade exhibition 

recommender system. In particular, we will study the impact of particular fozzy logic 

operators (7-norms, implicators, aggregation operators) on the recommendation equality, 

as well as of suitable procedures for ranking the two-valued prediction values according 

to their fitness for recommendation.
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