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Abstract. E-service intelligence is a new research field that deals with 
fundamental roles, social impacts and practical applications of various in-
telligent technologies on the Internet based e-service applications that are 
provided by e-government, e-business, e-commerce, e-market, e-finance, 
and e-learning systems, to name a few. This chapter offers a thorough in-
troduction and systematic overview of the new field e-service intelligence 
mainly based on computational intelligence techniques. It covers the state-

both theorems and applications of e-service intelligence. Moreover, it 
demonstrates how adaptations of existing computational intelligent tech-
nologies benefit from the development of e-service applications in online 
customer decision, personalized services, web mining, online search-
ing/data retrieval, and various web-based support systems. 

1 E-Services 

Electronic-services (e-services) involve various types, delivery systems, 
advanced information technologies, methodologies and applications of 
online services that are provided by e-government, e-business, e-
commerce, e-market, e-finance, and e-learning systems, to name a few. 
The term e-services is typically used to describe a variety of internet based 
electronic interactions ranging from basic services, such as the delivery of 
news and stock quotes, to smart services, such as the delivery of context-
aware emergency services (Chidambaram, 2001). In a fully web-enabled 
smart e-service environment, the services are likely to be composed of 
many interacting components and have the potential for “combinatorial 
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explosion" described in cybernetics and systems theory. E-services are 
likely to push the limits of software engineering in terms of analysis, de-
sign, security, and testing. Moreover, it will have and is conducting long-
term impacts of e-services on individuals, institutions, and society.  

Over the last decade, many government and business online services 
have mainly gone through three stages in most industrialized countries: (a) 
online information presentation, (b) online transaction, and (c) online in-
formation integration. In the third stage, all possible related services that 
might be provided by the same agency, different agencies, agencies in 
other jurisdictions, and private partners have been integrated in an either 
vertical or horizontal way. Businesses and citizens can deal with online 
services as a single cohesive entity and for services to be delivered in a 
seamless manner-‘one-stop shop.’ Individuals wish to be able to get infor-
mation and complete services without worrying whether it involves differ-
ent agencies or layers of the business and government, and also wish to re-
ceive personalized services to avoid information overload problems. 
Clearly, the keyword intelligence will be the next paradigm shift in the e-
services thanks to Internet technological advances (Lu et al., 2006). To 
provide intelligence for e-services, various intelligent technologies includ-
ing fuzzy logic, expert systems, machine learning, neural networks, Bayes-
ian network, game theory, optimization, rough sets, data mining, multi-
agents and evolutionary algorithms etc. are being applied in various e-
service approaches, systems, and applications. In the framework of intelli-
gent technologies, government and business e-services will provide with a 
much higher quality for online information presentation, online informa-
tion searching, personalized recommendation, website evaluation, and web 
based support systems. Some successful developments have appeared re-
cently in applying various intelligent techniques to build intelligent e-
service support systems, such as intelligent e-negotiation systems, intelli-
gent e-shopping systems, intelligent online customer management systems, 
and intelligent online decision support systems. Literature has also showed 
some successful investigations based on intelligent approaches to evaluate 
e-service systems, conduct web user classification, help users' online trad-
ing and support users' online decision making. In the following we de-
scribe the application of intelligent techniques in the Internet based e-
service development, implementation, and management. The chapter is or-
ganized as follows. Section 2 summarizes the role of intelligent techniques 
in e-service applications. Section 3 highlights applications of intelligent 
techniques in the web information presentation and online search. Section 
4 presents how intelligent techniques are integrated with web mining. Sec-
tion 5 discusses the implementation of e-service personalization supported 
by intelligent approaches. Section 6 presents how intelligent techniques 
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can help our e-service evaluation. Section 7 analyses several typical intel-
ligent e-service systems with various intelligent techniques. Section 8 dis-
plays most available intelligent e-service models. Finally, Section 9 con-
cludes the chapter and its related future research direction. 

2 The Role of Intelligent Techniques in E-Services 

expert systems, machine learning, case based reasong, Bayesian network, 
and computational intelligence, such as artificial neural networks, fuzzy 
systems, evolutionary computation are playing important roles in   e-
service applications. The power of each technique or methodology as a de-
sign tool is limited only by the designer's imagination. Two features, in 
particular, stand out: (1) many of them are biologically inspired, and (2) 
they are all capable of solving non-linear problems (Ruan, 1997). The 

synergistic rather than competitive. Intelligent techniques have already en-
joyed considerable success in e-services, which have proven to be instruc-
tive and vital (Lu et al., 2006).  

Computational intelligence (CI) research, closely assosiated with soft 
computing (SC), aims to use learning, adaptive, or evolutionary 
computation to create programs that are, in some sense, intelligent.     
Fuzzy logic (FL) (Zadeh, 1965) is designed to handle imprecise linguistic 
concepts such as small, big, low, high, young, or old. Systems based on FL 
exhibit an inherent flexibility and have proven to be successful in a variety 
of industrial control and pattern-recognition tasks ranging from handwrit-
ing recognition to traffic control. Central to the flexibility that FL provides 
is the notion of fuzzy sets. Fuzzy sets are the basic concept supporting 
fuzzy theory. The main research fields in fuzzy theory are fuzzy sets, fuzzy 
logic, and fuzzy measure. Fuzzy reasoning or approximate reasoning is an 
application of fuzzy logic to knowledge processing. Fuzzy control is an 
application of fuzzy reasoning to control. One of the main strengths of FL 
compared with other schemes to deal with imprecise data is that their 
knowledge bases, which are in a rule format, are easy to examine and un-
derstand. This rule format also makes it easy to update and maintain the 
knowledge base. Experts think in imprecise terms, such as very often and 
almost never, usually and hardly ever, frequently and occasionally, and use 
linguistic variables such as the above-mentioned small, big, low and high 
etc. FL provides a means to compute with words. In concentrates on the 
use of fuzzy values that capture the meaning of words, human reasoning 

techniques and methodologies are for the most part complementary and 

Artifitial intelligent techniques incluing conventional intelligence, such as 
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and decision making, and provides a way of breaking through the compu-
tational burden of traditional expert systems. As for the limitations of FL, 
the main shortcoming is that the membership functions and rules have to 
be specified manually. Determining membership functions can be a time-
consuming, trial-and-error process. Moreover the elicitation of rules from 
human experts can be an expensive, error-prone procedure. As a new pro-
gress, fuzzy logic is moving its applications from computing with numbers 
to computing with words; and from manipulation of measurements to ma-
nipulation of perceptions (Zadeh, 1999). In particular, Fuzzy Logic and the 
Internet (FLINT) as an important topic has been proposed by Zadeh and 
has attracted many researchers to work on it (Loia et al., 2004). Zadeh 
(2003) also indicated that existing web search engines would need evolv-
ing into question-answering systems. Achievement of this goal requires a 
quantum jump in the web IQ of existing search engines. A view is that bi-
valent-logic-based methods have intrinsically limited capability to address 
complex problems which arise in deduction from information which is 
pervasively ill-structured, uncertain and imprecise. Web information is 
world knowledge that humans acquire through experience and education. 
Imprecision of perception-based information is a major obstacle to dealing 
with world knowledge through the use of methods based on bivalent logic 
and bivalent-logic-based probability theory. What is needed for this pur-
pose is a collection of tools drawn from fuzzy logic-- a logic in which eve-
rything is, or is allowed to be, a matter of degree.   

A neural network (NN), also called an artificial neural network (ANN) 
in computational intelligence, is an interconnected group of artificial 
neurons that uses a mathematical or computational model for information 
processing based on a connectionist approach to computation. In most 
cases an NN is an adaptive system that changes its structure based on 
external or internal information that flows through the network. Two of its 
main areas of application are classification and decision problems 
(Anagnostopoulos et al., 2004). Neural networks are chosen mainly for 
computational reasons since, once trained, they operate very fast and the 
creation of thesauri and indices is avoided. Many experimental investiga-
tions on the use of  NNs for implementing relevance feedback in an inter-
active information retrieval system have been proposed. In these investiga-
tions, the anticipated outcome was to compare relevance feedback 
mechanisms with NNs based techniques on the basis of relevant and non-
relevant document segmentation (Crestani, 1994, Anagnostopoulos et al., 
2004). 

Evolutionary Computation (EC) is the general term for several computa-
tional techniques that are based to some degree on the evolution of bio-
logical life in the natural world. It is a subfield of CI involving 
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combinatorial optimization problems. It mostly involves metaheuristic 
optimization algorithms such as genetic algorithms, evolutionary 
programming, evolution strategy, learning classifier systems, ant colony 
optimization and particle swarm optimization and so on 
(http://en.wikipedia.org/wiki/Computational_intelligence). As a particular 
class of EC, a genetic algorithm (GA) is a search technique used to find 
approximate solutions to optimization and search problems. GAs are 
typically implemented as a computer simulation in which a population of 
abstract representations of candidate solutions to an optimization problem 
evolves toward better solutions.  

As a broad subfield ofAI, machine learning is concerned with the 
development of algorithms and techniques, which allow computers to 
"learn" including inductive learning, and deductive learning. Extracting 
rules and patterns out from massive data sets is one of important tasks and 
has been widely used in the field of data mining. Machine learning 
research has also  developed a set of useful inference algorithms. A wide 
spectrum of applications of machine learning such as search engines,  
stock market analysis, and object recognition have been well developed. 

Data mining, also known as Knowledge-Discovery in Databases, is the 
process of automatically searching large volumes of data for patterns. Data 
mining is a fairly recent and contemporary topic in computing. It mainly 
applies many computational techniques from statistics, machine learning 
and pattern recognition and can be seen as a kind of intelligent techniques. 
Web mining refers to the use of data mining techniques to automatically 
retrieve, extract and evaluate information for knowledge discovery from 
web documents and services. Web mining can be divided into three cate-
gories: structure mining, usage mining, and content mining.  Web structure 
mining is a research field focused on using the analysis of the link struc-
ture of the web, and one of its purposes is to identify more preferable 
documents. Web usage mining, also known as Web Log mining, is the 
process of extracting interesting patterns in web access logs. Analyzing the 
web access logs of different web sites can help understand the user behav-
ior and the web structure, thereby improving the design of this colossal 
collection of resources. Web content mining is an automatic process that 
extracts patterns from on-line information, such as the HTML files, im-
ages, or E-mails, and it already goes beyond only keyword extraction or 
some simple statistics of words and phrases in documents. With more re-
searchers continue to develop data mining techniques with intelligent func-
tions, web mining intelligence is playing an increasingly important role in 
meeting the challenges of developing the intelligent e-services. 

Expert systems apply reasoning capabilities to reach a conclusion. An 
expert system can process large amounts of known information and 
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provide conclusions based on them. Case based reasong and Bayesian 
network techniques are two main techniques used in expert systems.  

With more and more applications of intelligent techniques in e-services, 
the integration between intelligence and web-based technology has been 
appeared. Some hybrid technologies of CI and web technology are dedicat-
ing to the improvement of e-service intelligence. Figure 1 shows main in-
telligent techniques and their applications in popular e-service fields with 
some typical examples. 

As shown in Figure 1, intelligent techniques and methodologies as addi-
tional useful tools have nevertheless been successfully applied to some of 
the most interesting e-service areas. Typical e-service applications with the 
support of intelligent techniques will be briefly outlined over the rest of the 
chapter and will be detailed given by the rest chapters of this book. 
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Figure 1 A list of intelligent techniques and web based applications  
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AI  
Technologies 

E-Service Applications 
 
 
 
 
 
                
 
 
 
 
 
 
 

Fuzzy systems 

Neural net-
works 

Evolutionary 
computation 

 

Machine 
learning 

Data mining 

Game theory & 
optimization 

 

Expert systems 
with Case based 
reasoning and 
Bayesian net-
works 

Web 
search 

Web 
mining 

Web-based 
support sys-
tems 

Personalized 
service 

E-service 
evaluation 

Fuzzy agent based internet shopping sys-
tems   
Online customer (or group) decision sup-
port systems with expert systems 
Intelligent e-learning systems using fuzzy 
logic 
Multi-agent e-sales recruitment systems 
Intelligent e-auction & e-negotiation sys-
tems by applying game theory 
 Product recommender systems supported 
by genetic algorithm 
Personalised web page and personalized 
information delivery by machine learning  
Fuzzy filtering based recommendation to 
web users  
E-service cost/benefit analysis by Bayesian 
network  
Linguistic terms based multi-criteria 
evaluation model/approach for e-services  
Customer satisfaction evaluation method 
 
E-service and online customer classifica-
tion based on fuzzy associations 
Building online customer segments using 
data mining   
 Intelligent global e-business web portal 
development   

E-service 
management 

E-service 
related 
models  

Trust model for peer-to-peer e-community  
Web mining based decision model 
Business models for e-market 
E-government models for government to 
business; to citizens; to community   
E-logistics/supply chain model 
Social mechanism in e-communities  

Fuzzy schema matching & fuzzy ontology 
Dynamic web document clustering by 
Bayesian neural network   
Classifying web pages by probabilistic neu-
ral network  
Web services using neural networks 
Question/answer systems using genetic al-
gorithm  
 Online concept retrieval by neural network 
Granular fuzzy web data mining  
Web user profile clustering  
Web usage mining by artificial ant colony 
Fuzzy associate rules and fuzzy sequential 
pattern based web mining 
 

Knowledge 
discovery  

Getting knowledge in e-learning systems 
through genetic algorithms 
Online knowledge discovery through 
Q&A systems by case-based reasoning 
Social mechanism in e-communities  



 

3 Intelligent Web Information Search and Presentation  

E-service, e-commerce, e-government, e-business, e-learning, and e-
science etc. -- the coining of such words reflects the growing importance 
of the web in all aspects of our lives. Consumers are spending more and 
more time on the web to search information and receive e-services. To 
provide these e-services, a typical web program involves three tiers. The 
front-end is the browser running on a user’s computer. The middle-tier is a 
server, executing the logic that controls the user’s interaction with the web 
site. The back-end is a database, providing the information the user wishes 
to access, such as a catalog of items for purchase, a collection of govern-
ment records, or a store of learning materials.  

AI techniques have abilities to provide a  natural representation of 
human conceptualization and offer computational theory of perceptions 
(Zadeh, 2001). They are making many more contributions to each of the 
three tiers of web program to improve the presentation for online informa-
tion and the searching on online products/services. With the requirement of 
semantic web from the facility of linguistic descriptions and partial match-
ing, fuzzy systems, neural networks, machine learning and other intelligent  
approaches have shown a great potential for supporting such kinds of work 
(Nikravesh et al., 2002).  

Applying AI techniques can improve the quality of web information 
search and retrieval in several ways. Schema matching plays a key role in 
data integration within e-services. Fuzzy logic and neural networks have 
been used in schema matching to deal with the issue of partial matching 
and similarity. In general, schema matching methods use a set of known 
rules. However, it is often hard to get such a set of rules. This is because 
the relationships of schema elements are usually uncertain and the avail-
ability of schema information may vary. Neural networks have emerged as 
powerful pattern recognition and can learn the similarities among data di-
rectly from its instances and empirically infer solutions from data without 
prior knowledge of regularities (Li et al., 2005). Neural network tech-
niques have been applied in web page searching. For example, Anag-
nostopoulos et al. (2004) proposed a system that is capable of identifying, 
searching and categorizing web pages on the basis of information filtering. 
The system is a three-layer probabilistic NN with biases and radial basis 
neurons in the middle layer and competitive neurons in the output layer. 
The probabilistic NN scopes to identify e-commerce web pages and clas-
sify them to the respective type according to a framework, which describes 
the fundamental phases of commercial transactions in the web. Nikravesh 
and Azvin (2002) proposed a fuzzy conceptual-based search engine using 
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conceptual semantic indexing, and discussed fuzzy queries, search, and 
decision support systems. Fuzzy set techniques based conceptual search 
models and methods can be used for intelligent online information re-
trieval through conceptual matching of both text and images. Under the 
support of intelligent techniques, the selected query does not need to match 
the decision criteria exactly, which gives the system a more human-like 
behavior. 

Existing web search engines have many remarkable capabilities. 
However, what is not among them is the deduction capability-the capabil-
ity to answer a query by a synthesis of information which resides in vari-
ous parts of the knowledge base. A question-answering (Q&A) system is 
by definition a system which has this capability. At current stage of e-
service development, Q&A systems are important aiding tools for helping 
users effectively obtain information from the web. Such a system often 
finds answers by matching the features of previous questions to current 
ones, and considering the weights of the features. To improve the predic-
tion accuracy, case-based reasoning approach, genetic algorithms, fuzzy 
logic, neural networks, and their combinations all have been applied in 
practice. Literature shows that case-based reasoning shows significant 
promise for improving the effectiveness of complex and unstructured deci-
sion-making. In a Q&A system, it can use a user's feed back gradually and 
make inferences using analogy to obtain similar experience for solving 
problems. It often combines with other intelligent methods such as fuzzy 
logic and neural networks to improve its performance. For example, Zhang 
et al. (2004b) used a genetic algorithm and case-based reasoning into a 
Q&A system and developed an interactive Q&A engine.  

The semantic web (Berners-Lee et al., 2001) aims at creating a platform 
where information has its semantics and can be understood and processed 
by computers themselves with minimum human interference. Ontology 
theory and its related technology have been developed to help construct 
such a platform because ontology promises to encode certain levels of se-
mantics for information and orders a set of common vocabulary for people 
or computers to communicate with. Fuzzy ontology has been developed to 
support schema and data integration for web-based applications (Parry, 
2004, Widyantoro and Yen, 2001). For example, Widyantoro and Yen 
(2001) implemented a web-based, domain-specific search engine for 
searching abstracts of research papers. The system uses fuzzy ontology of 
term associations to support the feature.  The fuzzy ontology is automati-
cally generated from the information contained in its collection. The 
FOGA (Fuzzy Ontology Generation Framework) for automatic generation 
of fuzzy ontology on uncertainty information is developed by Quan et al. 
(2004a, b, c). The FOGA framework comprises fuzzy formal concept 
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analysis, fuzzy conceptual clustering and fuzzy ontology generation. First, 
fuzzy formal concept analysis incorporates fuzzy logic into formal concept 
analysis to form a fuzzy concept lattice. Fuzzy conceptual clustering then 
constructs the concept hierarchy from the fuzzy concept lattice. Finally, 
the fuzzy ontology generation generates the fuzzy ontology from the con-
cept hierarchy.  

The real way to get individualized interaction between a user and a 
website is to present the user with a variety of options and to let the user 
choose what is of interest at that specific time. If the information space is 
designed well, then this choice is easy, and the user achieves optimal in-
formation through the use of natural intelligence, that is, the choices are 
easy to understand so that users know what they will see if they click a 
link, and what they de-select by not following other links (Bonett, 2006). 
However, it is not easy to design a well information space. The AI ap-
proach is therefore used to help computers guess the user's needs, and find 
information and services the user needs to the user. This requirement needs 
more applications of intelligent techniques in web searching and informa-
tion presentation.   

4 Intelligent Web Mining  

Classification and association-rule discovery are two of the most important 
tasks addressed in the web mining literature. The two tasks involve mining 
web data, web customers, web documents, web-based transactions and 
various web based applications and each has developed a set of ap-
proaches. Also, extensive research has been carried out to integrate ap-
proaches from both sides of the tasks to conduct high performance web 
mining. In the meantime, some intelligence techniques including neural 
networks, fuzzy logic (also its application in fuzzy associate rules and 
fuzzy sequential pattern), machine learning, genetic algorithms, Bayesian 
network, and case-based reasoning have also been applied into web min-
ing. Some successful examples include web user profile clustering, web 
document classification, web document clustering, online concept re-
trieval, and web key information finding (Wang et al., 2006).  

One of the main aims of web mining is to find out web consumers’ cus-
tomer behavior patterns. By these patterns, businesses and governments 
can target marketing, e.g. input patterns to a web server combining with 
web pages so that when pattern-related customers access the website cor-
responding ways of marketing can be created (Chen et al., 2004b). In gen-
eral, web mining can help establish marketing patterns and customize mar-
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keting to bring right products and services to right customers. It can also 
establish potential customers' list to help make decisions in customer rela-
tionship management. Intelligent techniques can be combined with tradi-
tional web mining approaches to improve the quality of mining. For exam-
ple, by applying fuzzy set techniques to set up corresponding marketing 
patterns, businesses can better predict which kind of customers are loyal 
for a particular time being, and therefore can help businesses hold best cus-
tomers and filter potential customers precisely. Fuzzy Adaptive Resonance 
(ART) has also been used for clustering customers in groups for targeting 
(Jain and Krishnapuram, 2001).  

 A related important aspect of web mining is the clustering of customer 
similar profiles to create customer “segments” (Mobasher et al., 2000). 
Clustered user profiles are a good option when there exist insufficient data 
to build individual profiles. Most customer attributes such as “quality-
conscious” and “calorie-conscious” are inherently uncertain or fuzzy. 
Also, customer segments are not crisp. Thus, fuzzy set theory can play a 
major role in customer profile representations and clustering (Jain and 
Krishnapuram, 2001). Bautista et al. (2000) used a genetic algorithm to 
build an adaptive consumer profile based on documents retrieved by users. 
A fuzzy classification and a genetic term-selection process together pro-
vide a better utilization of valuable knowledge to learn the current and fu-
ture interests of users. Granular computing techniques have been used in 
web mining applications to enhance the intelligent functionality of mining 
systems. For example, Zhang et al. (2003) used both fuzzy computing and 
interval computing techniques to design a fuzzy-interval data mining sys-
tem for credit card companies with actual large data sets.  Park (2000) also 
introduced a neural network-based data mining method to a company's in-
ternal customer data for target marketing. A fuzzy ART NN proposed in 
this study takes customer's purchasing history as input values and cluster 
similar customers into groups. 

Web document and web pages classification as another important web 
mining aspect has used  NN architectures (Kohonen et al., 2000). In the 
meantime, the use of evolution-based genetic algorithms, and the utiliza-
tion of fuzzy function approximation, have also been presented as possible 
solutions for the classification problems (Rialle et al., 1997, Petridis and 
Kaburlasos, 2001, Haruechaiyasak et al., 2002). Also, Anagnostopoulos et 
al. (2004) described a probabilistic NN that classifies web pages under the 
concepts of business media framework. The classification is performed by 
estimating the likelihood of an input feature vector according to Bayes 
posterior probabilities. 

Web usage mining has become very critical for effective website man-
agement, creating adaptive websites, business and support services, per-
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sonalization, network traffic flow analysis and so on (Abraham and 
Ramos, 2003). Krishnapuram et al. (2001) introduced the notion of uncer-
tainty in web usage mining, discovering clusters of user session profiles 
using robust fuzzy algorithms. In the approach, a user or a page can be as-
signed to more than one cluster. A dissimilarity matrix is created that is 
used by fuzzy algorithms presented in order to cluster typical user ses-
sions. The study of ant colonies behavior and their self-organizing capa-
bilities is of interest to information/knowledge retrieval, decision support 
systems sciences and also web mining, because it provides models of dis-
tributed adaptive organization, which are useful to solve difficult optimiza-
tion, classification, and distributed control problems. Abraham and Ramos 
(2003) proposed an ant clustering algorithm to discover web usage patterns 
(data clusters) and a linear genetic programming approach to analyze the 
visitor trends.  

5 E-Service Personalizations 

E-service personalization (ESP) is the process of getting web users’ infor-
mation online, and using the information to tailoring web pages to individ-
ual users' preferences and deliver services to the user’s needs. It is as an act 
of response according to the individual web user's characteristics, interest 
and preference. Personalised e-service is a means of meeting the web 
user's needs more effectively and efficiently; making online interactions 
with user faster and easier; and increasing online user satisfaction and re-
peat visits (Bonett, 2006, Riecken, 2000). It aims at delivering right infor-
mation to right user at right time, so that to enhance e-service quality. In a 
marketing environment, the purposes of applying information technology 
to provide personalization are expressed as to (1) Better serve the customer 
by anticipating needs; (2) Make the interaction efficient and satisfying for 
both parties; and (3) and Build a relationship that encourages the customer 
to return for subsequent purchases including products and services (The 
PersonalizationConsortium, 
http://www.personalization.org/personalization.html Chen et al., 2004a). 

 E-service personalization is experiencing widespread adoption in the 
application areas such as e-commerce interaction, e-learning, online book-
ing, and customer relationship management (Lu et al., 2006, Adomavicius 
and Tuzhilin, 2005). For example, given a customer, how to pick the right 
advertisement to target him/her? How to determine which product should 
be recommended to him/her? How to determine the content of a web page 
that he/she views? Therefore, personalization on the e-services is also re-
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ferred as being about “building customer loyalty by building a meaningful 
one-to-one relationship.” While creating user one-to-one relationships is to 
have its reflections on the web user satisfactions. User satisfaction is there-
fore the ultimate aim of personalization. 

Many researchers have recently endeavored to provide personalization 
mechanisms, technologies and approaches for e-services (Adomavicius 
and Tuzhilin, 2005, Eirinaki and Vazirgiannis, 2003). Results involve five 
main aspects: (1) Profile based e-service personalization, (2) Link based e-
service personalization, (3) Content based e-service personalization, (4) 
Structure based e-service personalization and (5) Recommendation based 
e-service personalization.  

E-services will benefit from web personalization techniques in tailor-
ing the interaction with their users according to an evolving customer 
model in both link based and content based personalization. In this context, 
relationship-value market segmentation becomes a central customer mod-
eling activity. But value segmentation categories are inherently vague due 
to the use of imprecise linguistic categories, combined with a degree of 
uncertainty about customer behavior, and the difficulty inherent to estimat-
ing intangible variables. A fuzzy set approach to value segmentation is 
therefore developed, allowing more flexible customer segments. Fuzzy 
models of value estimations are represented by fuzzy triangular numbers 
for directed and discovery-oriented segmentation approaches. The useful-
ness of the approach has been illustrated through concrete personalization 
techniques based on those fuzzy categories (Sicilia and Garcia, 2003). 

Recommender systems as the most typical personalization techniques 
have gained much attention in the past 10 years (Adomavicius and Tuz-
hilin, 2005). Recommender systems aim at filtering out the uninterested 
items (or predicting the interested ones) automatically on behalf of the us-
ers according to their personal preferences. A recommendation system 
considers user preferences, interests, or browsing behaviors when analyz-
ing user behaviors for personalized services (Amoroso and Reinig, 2004). 
It therefore can either predict whether a particular user will like a particu-
lar item, or to identify a set of items that will be of interest to a certain user 
(Karypis, 2001). 

Various approaches for recommender systems have been developed 
(Breese et al., 1998, Burke, 2000, Zeng et al., 2004). The main types of 
these approaches adopted in recommender systems are the content-based 
(CB) approach, the collaborative filtering (CF) approach, and the knowl-
edge-based (KB) approach. The CB approach mainly relies on the content 
and relevant profiles to generate personalized recommendations. Using the 
approach, a recommender system recommends some web objects, to a 
user, which are similar to what the user has been interested in the past. The 
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CF approach offers recommendations based on the similarity of a group of 
users (Mobasher et al., 2000). The CF approach has been known to be the 
most popular recommendation approach. It has been used in various e-
service applications such as recommending web pages, movies, articles 
and products. The CF approach can be divided into two types: user-based 
CF and item-based CF (Karypis, 2001). The user-based CF approach is 
implemented in two main steps: (1) a set of k-nearest neighbors of a target 
user is selected. This is performed by computing correlations or similari-
ties between user profiles and a target user; (2) producing a prediction 
value for the target user on unrated (or unvisited) items, and generating 
recommendations to the target user. The item-based CF approach first con-
siders the relationships among items. Rather than finding user neighbors, 
the system attempts to find k similar items that are rated (or visited) by dif-
ferent users in some similar ways. Then, for a target item, related predic-
tions can be generated. For example, we can take a weighted average of a 
target user’s item ratings (or weights) on these neighbor items. The third 
type is the KB approach. A knowledge-based recommender system at-
tempts to suggest items based on inferences about a user’s preferences. 
Such systems use knowledge in relevant to users and items to generate 
recommendations. In some sense, all recommendation techniques could be 
described as doing some kinds of inference. A knowledge-based recom-
mender system avoids gather information about a particular user because 
its judgments are independent of individual taste (Burke, 2000).  

There are still some spaces with current recommendation approaches to 
improve including the lack of scalability and sparsity, and the lack of the 
ability and accuracy to provide recommendations or predictions for new 
users and new items (Guo and Lu, 2006). Some intelligent techniques such 
as fuzzy approximate reasoning (Klir and Yuan, 1995), fuzzy matching, 
and fuzzy similarity, and case-based reasoning are being used in recom-
mendation approaches to overcome these existing problems. Nasraoui and 
Petenes (2003) investigated the framework and  provided a dynamic pre-
diction in the web navigation space. Yager (2003) described a reclusive 
approach in which fuzzy set methods are used for the representation and 
subsequent construction of justifications and recommendation rules. Dif-
fering from CF, it is based solely on preferences of the single individuals 
for whom we provide the recommendation, without using preferences of 
other collaborators. It makes extensively use of an internal description of 
the items, and relies solely on the preferences of the target user. Carbo and 
Molina (2004) developed a CF-based algorithm in which ratings and rec-
ommendations can be linguistic labels represented by fuzzy sets. Perny and 
Zucker (1999, 2001) proposed a recommender system from a decision 
support perspective, noting that such applications position themselves be-

14   J. Lu et al.



 

tween the archetypical problems of individual and group decision making. 
In that light, they pursued a hybrid approach that involves a number of 
fuzzy relations. Using appropriate fuzzy similarity measures, for each item 
i, and each user u, a neighborhood of k most similar elements is con-
structed. Also, based on a fuzzy similarity measure, a hybrid recommenda-
tion algorithm with fuzzy set theory was proposed. It is being used in a 
one-and-only item recommendation system in government e-services 
(Cornelis et al., 2005). Some of KB recommender systems employ the 
techniques of case-based reasoning for knowledge-based recommendation, 
such as Wasabi Personal Shopper (Burke, 1999) and a restaurant recom-
mender system.  

Personalization approaches have also been applied e-learning environ-
ments, which are mainly based on a range of delivery and interactive ser-
vices. A personalized courseware recommendation system (PCRS) is pro-
posed by Chen et al. (2004a). This system is developed based on the fuzzy 
item response theory to provide web-based learning services. In the pro-
posed fuzzy item response theory, fuzzy set theory is combined with the 
original item response theory (Baker and Frank, 1992) to model uncer-
tainly learning response. The PCRS can dynamically estimate learner abil-
ity based on the proposed fuzzy item response theory by collecting learner 
feedback information after studying the recommended courseware. An-
other example is a web-based personalized learning recommender system 
(Lu, 2004). This research aims to help students find learning materials they 
would need to read and therefore support students learn more effectively. 
Two related technologies are developed under the framework: one is a 
multi-attribute evaluation method to justify a student’s need, and another is 
a fuzzy matching method to find suitable learning materials to best meet 
each student’s needs.  

The applications of intelligent techniques in e-service personalization 
also conduct some personalized e-service models. For example, Yang et al. 
(2004) combined  genetic algorithms and k-nearest neighbor technology to 
model and reason a customer’s personal preferences from a higher profile 
and then provide the most appropriate products to meet the user’s higher 
needs. Genetic algorithms can help to obtain information more efficiently 
from the customers so that to help personalized products selection. 
Viswanathan and Childers (1999) considered online product categories as 
fuzzy sets. Products are said to have degrees of memberships in specific at-
tributes. The memberships at the attribute level are then combined to ob-
tain an overall degree of memberships of a product in a category. Fuzzy-
set-based measures enable fine distinction among products and assist in the 
new product development, brand extension, and brand positioning. Fuzzy 
methods are also used in modeling market structure for e-business since 
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they can handle the uncertainty associated with consumers' choice and 
their next purchase (Nishio and Shiizuka, 1995). 

6 Intelligent E-Service Evaluations  

Since the mid-1990s, businesses have spent quite a bit of time, money and 
effort developing web-based e-service applications. These applications are 
assisting businesses in building more effective customer relationships and 
gaining competitive advantage through providing interactive, personalized, 
faster e-services to fulfill customer demands (Chidambaram, 2001). Busi-
nesses in the earlier stages of employing web-based applications had little 
data, knowledge and experience for assessing and evaluating the potential 
of e-services for organizational impacts and benefits. Organisational 
efforts were largely geared toward customer service provision with little to 
no thought identifying and measuring the costs involved in moving ser-
vices online against the benefits received by adopting e-services. After 
several years experience of e-service provision, businesses now urgently 
need to plan their further development in e-services (Lu and Zhang, 2003). 
Importantly, businesses have obtained related e-service running data and 
knowledge, which makes it possible to identify in what items of invest-
ment for an e-service application effectively contribute to what benefit as-
pects of business objectives.  

Recent reports concerning the success, quality, usability and benefit of 
e-services have led researchers to express increasing interest in evaluating 
and measuring the development of e-service applications (Wade and Nevo, 
2005, Schubert and Dettling, 2002). Much research has been conducted to 
evaluate e-services from various views and using various methods. In gen-
eral, the research in e-service evaluation can be classified under four major 
categories.  

The first one is the evaluation for the features, functions or usability of 
e-service systems. It is often combined with the evaluation of the use of re-
lated websites. Typical approaches used in this category of research are 
testing, inspection and inquiry (Hahn and Kauffman, 2002). These ap-
proaches are often used together in analyzing a web search or a desk sur-
vey. For example, Ng et al. (1998) reported a desk survey of business web-
sites and discussed the features and benefits of web-based applications. 
Smith (2001) proposed a set of evaluation criteria to New Zealand gov-
ernment websites. Lu et al. (2001) showed their assessment results for e-
commerce development in the businesses of New Zealand. The quality of 
websites needs to be measured using criteria focused on the effective web-
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site design (e.g., clear ordering of information, consistent navigation struc-
ture). However, from the information consumer’s perspective the quality 
of a website may not be assessed independently of the quality of the in-
formation content that provides. Based on the information quality frame-
work for the design of information systems defined in (Zadeh, 1975, Lee et 
al., 2002), Enrique et al. (2003) presented a computing-with-words based 
fuzzy-set method to measure the informative quality of Web sites used to 
publish information stored in XML documents. 

The second category is the customer satisfactory evaluation. Meeting a 
web user’s needs successfully is likely to lead to a satisfying relationship. 
Various evaluation criteria and factors about meeting users’ needs and as-
sessing user satisfactory degrees have been identified (Schubert and Det-
tling, 2002, Awan and Singh, 2006). Some evaluation systems have been 
designed for obtaining customers’ feedback and measuring the degree of 
their satisfaction to current e-services provided (Lu and Lu, 2004). Ques-
tionnaire-based survey and multi-criteria evaluation systems are mainly 
used to conduct this kind of research.  For example, Lin (2003) examined 
some customer satisfaction for e-commerce and proposed three main 
scales that play a significant role in influencing customer satisfaction: cus-
tomer need, customer value, and customer cost. In the meantime, a related 
topic, customer loyalty, such as the antecedents and consequences of cus-
tomer loyalty in e-commerce have  been explored (Srinivasan et al., 2002). 
During the user satisfactory evaluation, fuzzy set techniques have been ex-
tended to discovery of fuzzy association rules (Kuok et al., 1998) and their 
extension to fuzzy sequential patterns (Hong et al., 1999). Fuzzy set theory 
provides a host of parameterized operators that can be used to model vari-
ous aggregation strategies  in web-based knowledge discovery (Jain and 
Krishnapuram, 2001). Setnes and Kaymak (2001) described an application 
of a fuzzy clustering algorithm to extract fuzzy rules from consumer re-
sponse data collected by a sampling procedure. Such results will help e-
service providers clear understanding their customers’ satisfactory degrees 
to their e-services. 

The third category is e-service investment analysis that has been con-
ducted for evaluating and justifying investment in an e-service application. 
For example, Giaglis et al. (1999) presented a case-study of e-commerce 
investment evaluation. Furthermore, Drinjak et al. (2001) investigated the 
perceived business benefits of investing in e-service applications. While 
Amir et al. (2000) created a cost-benefit framework for online system 
management and evaluation. In particular, Lu and Zhang (2003) proposed 
a cost-benefit factor analysis model in e-services and conducted analysis 
for e-service development of businesses in Australia based on a question-
naire survey. Following the results, Zhang et al. (2004a) applied Bayesian 
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network techniques to analyze and verify the relationships among cost fac-
tors and benefit factors in the development of e-services. A cost-benefit 
factor-relation model is first proposed and considered as domain knowl-
edge. Data collected through a questionnaire based survey is as evidence to 
the inference-based verification. This study first creates a graphical struc-
ture for cost-benefit factors. It then calculates conditional probability dis-
tributions among these factors. Based on the established Bayesian network, 
the Junction-tree algorithm is used to conduct inference. A set of useful 
findings have been obtained for the costs involved in moving services 
online against the benefits received by adopting e-service applications. For 
example, ‘increased investment in maintaining e-services’ would signifi-
cantly contribute to ‘enhancing perceived company image,’ and ‘increased 
investment in staff training’ would significant contribute to ‘realizing 
business strategies.’ These findings have potential to improve the strategic 
planning of businesses by determining more effective investment items 
and adopting more suitable development activities in the development of 
e-services. Fuzzy set approaches have been used to summarize and analyze 
the survey results in e-service evaluation in the form of linguistic knowl-
edge that can be understood by merchants easily. Fuzzy set techniques are 
known to be effective for analysis even with sparse data especially when 
application-specific knowledge is available in terms of fuzzy rules. Hsu et 
al. (2002) proposed a fuzzy clustering approach for segment structure 
analysis of customer response to surveys.  

Significant results have also been reported in the fourth category, the es-
tablishment of evaluation models, frameworks and systems. For example, 
Lee et al. (1999) created a model for evaluating the business value of busi-
ness-to-business e-service through five propositions. Zhang and Dran 
(2000) developed a two-factor model for the website design and evalua-
tion. More generally, Hahn and Kauffman (2002) presented a value-driven 
framework for evaluating e-commerce websites. In general the quality of 
websites is often measured and evaluated using criteria focused on the ef-
fective website design such as clear ordering of information or consistent 
navigation structure. However, from the information consumer’s perspec-
tive the quality of a website may not be assessed and evaluated independ-
ently of the quality of the information content that it provides. The evalua-
tion of websites focusing on the quality of the information is a difficult 
task. One of the reasons is that users cannot express their judgments with 
an exact numerical value sometimes. Therefore, a more realistic approach 
may be to use linguistic assessments to express the evaluation judgments 
instead of numerical values. As mentioned above, the fuzzy linguistic ap-
proach is a tool to manage linguistic information; it is suitable to model 
qualitative values used in human communication for representing qualita-
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tive concepts. Based on the principle, Herrera-Viedma et al. (2003) pre-
sented an evaluation model of informative quality of the websites based on 
fuzzy linguistic techniques. This model can be used by evaluators to use 
linguistic terms and finally can generate linguistic recommendations on 
quality websites by using information stored in multiple kinds of docu-
ments structured in the XML-format. A web-based fuzzy multi-criteria de-
cision support system has been developed by Lu et al. (2005) to use for the 
website evaluation. A group of users can use the online decision support 
system to input linguistic terms such as ‘good,’ ‘very good’ for a set of se-
lected websites respectively. Finally, evaluation results will show the level 
of the user satisfactory for each attribute of each website.  

7 Intelligent E-Service Support Systems 

As e-services become common, many Internet-based support systems such 
as software agents have been developed to assist users to receive high 
quality services in different aspects of e-services. These systems mainly 
perform tasks of intermediation and communication between users and the 
web (Yager, 2000), and many of them are developed under an intelligent  
framework.  

One possibility to facilitate the communication processes between users 
and the web consists in the application of the fuzzy linguistic approach 
(Zadeh, 1975), which provides a flexible representation model of informa-
tion by means of linguistic labels. The application of fuzzy linguistic tech-
niques enables e-service providers to handle information with several de-
grees of truth and solving the problem of quantifying qualitative concepts. 
Some examples of the use of fuzzy linguistic techniques in the design of 
intelligent e-service systems, in particular multi-agent systems, can be 
found in (Delgado et al., 2001, Delgado et al., 2002, Herrera-Viedma et al., 
2004). These papers presented some new models of fuzzy linguistic intel-
ligent systems that involve the use of fuzzy set techniques and other intel-
ligent approaches to improve the information access on the web. For ex-
ample, a fuzzy linguistic multi-agent system can gather information on the 
web with a hierarchical architecture of seven action levels (Herrera-
Viedma et al., 2004). E-negotiation, e-learning, e-decision, and e-shopping 
are the main forms of e-service support systems with a strong combination 
to intelligent techniques, which are displayed as follows.  

E-negotiation as a kind of e-service support systems has well integrated 
with intelligent techniques. Kowalczyk and Bui (2000) presented some as-
pects of a customable fuzzy e-negotiation agents (FeNAs) system for 
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autonomous multi-issue negotiation in the presence of limited common 
knowledge and imprecise/soft constraints and preferences. The FeNAs use 
the principles of utility theory and fuzzy constraint-based reasoning in or-
der to find a consensus that maximizes the agent’s utility at the highest 
possible level of fuzzy constraint satisfaction subject to its acceptability by 
other agents (Dubois et al., 1994, Kowalczyk, 1999, Zadeh, 1973). 
Through applying the fuzzy set approaches, a variety of e-negotiation 
problems with incomplete common knowledge and imprecise/soft con-
straints can be handled. Genetic algorithms and Bayesian rule updating 
methods have also been used in e-negotiation systems. For example, Ou-
chiyama et al. (2003) proposed an experience based evolutionary negotia-
tion agent that can conduct negotiation process in e-commerce on behalf of 
users it represents. By emulating human being, skills of an agent in nego-
tiations can be improved with increasing knowledge and experience.  

Another kind of e-service support systems is web-based e-learning sys-
tems. With the rapid growth of computers and Internet technologies, e-
learning has currently become a major trend in the computer assisted 
teaching and learning field. Many researchers made efforts in developing 
web based e-learning systems to assist distance online learning. To pro-
mote learning efficiency and effectiveness, some systems have applied 
fuzzy sets and other intelligent approaches to fully consider learner’s be-
haviors, interests, or habits, and also to assist learners in selecting subjects, 
topics, and materials through learners gives a ‘linguistic’ based response of 
understanding percentage for the learned courseware. Results show that 
applying the proposed fuzzy set approaches to e-learning can achieve per-
sonalized learning and help learners to learn more effectively and effi-
ciently. 

E-service activity in automated procurement will benefit from the kinds 
of web based decision support systems that can be constructed using intel-
ligent technology. Ngai and Wat (2005) developed a fuzzy decision sup-
port system for risk analysis in e-commerce. Lu et al. (2005) developed a 
web-based fuzzy group decision support system (WFGDSS) based on the a 
fuzzy group decision-making method. This system first identifies three 
factors from web users that may influence the assessment of utility of al-
ternatives and the deriving of the group satisfactory solution. The first one 
is an individual’s role (weight) in the ranking and selection of the satisfac-
tory solutions. The second factor is an individual’s preference for alterna-
tives. The third factor is criteria for assessing these alternatives. The 
above-mentioned three factors also derive a crucial requirement for lin-
guistic information processing techniques in an online group decision-
making practice. Any individual role in an online decision process, a pref-
erence for alternatives, and a judgment for assessment-criteria are often 
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expressed by linguistic terms. For example, an individual role can be de-
scribed by using linguistic terms important person or general decision per-
son. While a preference for an alternative can be described using linguistic 
terms strong like it, just like ti, or don’t like it any more. Since these lin-
guistic terms reflect the uncertainty, inaccuracy and fuzziness of decision 
makers, fuzzy set theory (Zadeh, 1965) is directly applied to deal with 
them. The WFGDSS uses a web environment as a development and deliv-
ery platform, and therefore allows decision makers distributed in different 
locations to participate in a group decision-making activity through the 
web. It manages the group decision-making process through criteria gen-
eration, alternative evaluation, opinion interaction and decision aggrega-
tion with the use of linguistic terms. This WFGDSS has a convenient and 
graphical user interface with visualization possibilities, and therefore is 
automatically available to many decision makers. Another example is a 
web based multi-objective decision support systems developed by Zhang 
and Lu (2005) and Lu et al. (2003). This system has a set of multi-
objective decision-making methods. Some methods are more suitable than 
others for particular practical decision problems and particular decision 
makers. To help users choose a most suitable one in a particular situation, 
a linguistic term based intelligent guide is included in this system for se-
lecting a desired method.  

Intelligent e-shopping systems have been widely developed and used, 
because the Internet has been reaching almost every family in the world 
and anyone can build his/her own e-shops and also can purchase goods 
from any e-shops. Companies expect taking more benefit from online buy-
ing, selling, trading, etc and therefore continuing improve the functionality 
of their e-shopping systems. Some e-shopping systems applied traditional 
intelligent techniques such as multi-agent systems, rule-based or case-
based process flows to coordinate communications for system automation. 
Some e-shopping systems propose fuzzy logic and neural networks or their 
combinations based approaches to tackle the uncertainties in practical 
online shopping activities such as consumer preferences, product specifica-
tion, product selection, price negotiation, purchase, delivery, after-sales 
service, and evaluation (Liu and You, 2003). The fuzzy neural network 
provides an automatic and autonomous product classification and selection 
scheme to support fuzzy decision making by integrating fuzzy logic tech-
nology and the back propagation feed forward neural network. Fuzzy deci-
sion strategies are also proposed to guide the retrieval and evaluation of 
similar products that are used online shopping. For example, Liu and You 
(2003) presented a  visualization approach to provide intelligent web 
browsing support for e-commerce using data warehousing and data mining 
techniques. This approach can overcome the limitations of the current web 

21   E-Service Intelligence: An Introduction



 

browsers, which lack flexibility for customers to visualize products from 
different perspectives. By using fuzzy logic for a fuzzy neural network to 
support decision making, an agent-based fuzzy shopper system is devel-
oped to implement the strategy. Furthermore, Chau and Yeh (2005) pre-
sented how intelligent techniques facilitate the automatic development of 
multilingual web portal for e-business operating as a global enterprise. E-
auction can be seen as a special kind of e-shopping. Byde (2003) applied 
evolutionary game theory to auction mechanism design. The main idea is 
using an evolution-based method for evaluating auction mechanisms and 
developing a multi-agent system to evolve good players for each mecha-
nism. 

Intelligent techniques have also been used in e-recruitment systems. For 
example, Khosla and Goonesekera (2003) reported an  e-recruitment 
multi-agent application for recruitment and benchmarking of salespersons. 
This multi-agent e-sales recruitment system (e-SRS) integrates a selling 
behavioral model with expert systems and soft computing techniques like 
fuzzy- K-means for predicting the selling behavior profile of a sales candi-
date. 

8 E-Service Models and Management 

Management techniques and related models have long existed and are 
quite mature for every segment of service industries. In a growing com-
petitive marketplace, e-services are under constant pressure to optimize 
their utilization of information resources. E-service administrators and 
planners have tried to use intelligent technologies and approaches to model 
and manage e-service applications. Some models developed under intelli-
gent approaches include fuzzy association based e-service customer classi-
fication model, intelligent global e-business web portal development 
model, e-commence trust model, and web mining based decision model. 
These models involve both e-business and e-government. In the meantime, 
research on getting knowledge and online knowledge discovery in various 
e-service systems through genetic algorithms, case-based reasoning etc. 
has been shown in literature. The rest of the section will list some typical 
developments. 
      Goldszmidt et al. (2001) proposed an approach for defining and quanti-
fying effective e-business capacity that allows to translate quality of ser-
vice objectives into the number of users that a website can support. This 
approach is based on inducing online models using machine learning and 
statistical pattern recognition techniques. The concept of e-business capac-
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ity allows us to naturally answer planning and operational questions about 
the information system infrastructure needed to support the e-business. 
The questions range from indicating which performance measures in the 
system are “important” to simulating “if-then” scenarios. 

E-services have managed to place themselves in the society. However, 
there are many hindrance factors that cause  them to fail to reach  their full 
potential, mainly on the dissatisfaction of customers, such as a low level of 
personal data security and mistrust of the technology (Manchala, 2000). 
This has affected consumers’ trust towards online business. Since the con-
cept of trust is subjective, it creates a number of unique problems that ob-
viate any clear mathematical result. Hence, fuzzy logic is currently being 
investigated as a possible best fit approach as it takes into account the un-
certainties within e-commerce data and like human relationships, trust is 
often expressed by linguistic terms rather than numerical values. Nefti et 
al. (2005) identified two advantages of using fuzzy logic to quantify trust 
in e-commerce applications. (1) Fuzzy inference is capable of quantifying 
imprecise data and quantifying uncertainty in measuring the trust index of 
the vendors. For example, in the trust model, the community comments 
variable in the fulfillment factor has a wide range of values as we may 
have a small or large number of customers providing positive or negative 
feedback to the vendor; the number of comments will affect the decision 
made by the associated evaluation module. (2) Fuzzy inference can deal 
with variable dependencies in the system by decoupling dependable vari-
ables. The membership functions can be used to generate membership de-
grees for each variable. Any defined fuzzy rule set will be applied to the 
output space (trust index) through fuzzy ‘and’ and ‘or’ operators. Such a 
fuzzy trust module can describe more effectively users’ trust behavior in e-
services. Another trust model is developed under Peer-to-Peer e-commerce 
communities. A main way to minimize threats in such an open community 
is to use community-based reputations to help evaluating the trustworthi-
ness and predicting the future behavior of peers. Xiong and Liu (2003) 
presented PeerTrust, a coherent adaptive trust model for quantifying and 
comparing the trustworthiness of peers based on a transaction-based feed-
back system. This study introduces two adaptive trust factors, the transac-
tion context factor and the community context factor, to allow the basic 
trust metric to incorporate different contexts (situations) and to address 
common problems encountered in a variety of online e-commerce commu-
nities. Some studies have applied fuzzy-logic-based models to evaluate 
trust in e-commerce by taking into account the uncertainties within e-
commerce data. For example, Chang et al (2005) demonstrated the appli-
cation of a fuzzy trust model in an ecommerce platform. It aims to measure 
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trustworthiness, reputation or credibility of e-service consumers and e-
service providers in loosely coupled, distributed e-commerce systems.  

The potential for government using web to enhance services to its citi-
zens, businesses and communities is now more evident than ever before. 
Thus, in the most of developed countries and some of developing countries, 
e-government applications are growing rapidly. E-government develop-
ment promises to make governments more efficient, responsive, transpar-
ent, and legitimate. The challenge for governments is to continually em-
brace the opportunities that the web provides, and ensure that the needs 
and expectations of citizens, businesses and communities are met (Guo and 
Lu, 2004). As the amount of information available on the web is over-
whelming, the users of e-government are constantly facing the problem of 
information overload. The increasing information overload would hinder 
government e-service effectiveness (Guo and Lu, 2005). In order to ex-
plore how e-government better face the challenge and developing next in-
novations, Hinnant and O’Looney (2003) conducted an exploratory study 
of e-service personalization in the public sector by examining pre-adoption 
interest of government in online innovations.  This study proposes a re-
vised model of technological innovation with an emphasis on socio-
technical factors associated with electronic service delivery. This model 
focuses on three primary dimensions of online innovation: perceived need, 
technical capacity, and risk mitigation. This model is then used to examine 
a single online innovation, personalization of online government informa-
tion and services.  

 9 Conclusions 

E-service intelligence, like every new technology, provides solutions and 
challenges, along with a new set of research questions. The preliminary re-
search seemed promising, but more research and developments should be 
followed soon. Intelligent technology plays an important role for dealing 
with e-services as already briefly outlined by many successful applications. 
We can speculate about the potential and problems of an integrated intelli-
gent e-service economy, there is a lot we need to explore about the techno-
logical or organizational issues involved. We strongly believe the use of 
intelligent technologies in cope with web technologies will significantly 
enhance the current development of e-services in general and the future in-
telligent e-services in particular. 
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