B AT 4F & 30T F IR BE 2 FIF

Implementation of Personalized Recommendations for
Composite E-services



BA DA ENT T RARE2 P IF

Implementation of Personalized Recommendations for
Composite E-services

Boyod 3 05 8 Student: Chun-Feng Lee
Ry f o= Advisor: Duen-Ren Liu
Rz~ g

FE I g

AL~

A Thesis
Submitted to Institute*of Information Management
College ofiManagement
National Chiao Tung University
in Partial Fulfilment of the Requirements
for the Degree of
Master of Business Administration
in
Information Management
June 2004
Hsinchu, Taiwan, the Republic of China



LHFERTROES > TF PR IAE LRI g 0 7 R Y IR
BF ARG R fE R 5 DR BRFB LY FF A T

N

s

AR T A S A R E N TSRS BAE - TR

Pt s e ke Big RN E - hE T RA 0 £

FARTIRE Y - W FH TR FP B A LRk auE B4 P

EEPRFFI T ORGP ENT IR LR LI EHAT £ ST IR
A

L AR ol 2, 4L
L2 kS

AR R LIV RN TREB RS - B S
RRFRABIRARE LB A VHE A S B At A R S A YA

N N 25 T & P PN . U S oo A s >z
FRRFIRIET o b o R E 2L G kB RAR 63T IRIE KR H RGEF



Implementation of Personalized Recommendations for

Composite E-Services

Student: Chun-Feng Lee Advisor : Dr. Duen-Ren Liu

Institute of Information Management

National Chiao-Tung University

Abstract

With the explosive growth of information resources on the Internet, the
electronic marketplace has changed. dramatically, which strongly influences
the customers’ behaviour of:demands. Individual e-services cannot fulfill
customer’'s demands anymore. Therefore, recommender system are the
solution that allow enterprises-to develop-one-to-one marketing strategies and
provide adequate support to fulfill‘customers need to boost the success of
online e-business. Enterprises need to provide various e-services and conduct
composite e-services on the collaborative commerce environments, which aim
to improve the market competitive advantages.

There are two objectives in this research. Firstly, we propose a useful
personalized recommender system that combines collaborative filtering
method and data mining techniques for generating composite e-services
recommendations. Secondly, we provide an integrated knowledge map
navigator with personalized recommendations in our proposed composite
e-services platform. We expect not only to reduce the complexity and cost for

the e-service providers online, but also to fulfill user's needs online.
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1. Introduction

At first, the research background and motivations are introduced. Then the
objectives and the structures for this research are described in Sections 1.2

and 1.3, respectively.

1.1 Background and Motivations

With the explosive growth of Internet, the electronic marketplace has
dramatically becomes the influential factor in the e-business transactions. Due
to this change, enterprises provide various e-services and conduct composite
e-services for collaborative commercejonline to achieve e-market competitive
advantages. In such complex ‘collaborative commerce environments, online
user is facing the difficulty”-of “how- to'-select the appropriate composite
e-services for their needs. So it iIs‘essential to have an effective knowledge
system which can manage and access the related information resources in the

composite e-services environment.

A complete service normally consists of various basic services, so by
providing individual e-service online will not satisfy customer’s demand.
Because of this, composite e-services have become the new solution for an
enterprise to serve online user for their needs of a complete service.
Enterprise provides e-services hoping to generate new revenue and strength
and improve its competitiveness against their competitors online. Since each

e-service providers might not use the same type of online system platform, it



will be difficult for them to communicate and exchange information. Therefore,
topic maps standard is the solution that provides a bridge between the
domains of knowledge representation and information management for

existing information resources.

In B2C e-commerce, many researches have proposed the composite
e-service flow structures [4][9], but very few researches consider about
organize service providers’ information resource through knowledge map and
transform the existing information resource into valuable knowledge.
Knowledge map combined with personalized recommendation approach can
solve the bottleneck of semantic search from the website and assisting user

with customized decision suppart.

1.2 Research Objectives

Based on the above motivations, we address the research objectives in

two-folds, described as follows:

1. Implementing a well-known recommendation approach with data mining
techniques for building a personalized recommender system under the
composite e-services platform.

2. Implementing a prototype system that integrates knowledge maps
navigator and personalized recommendations under the composite

e-services platform.



1.3 The Research Structure

This research implements a personalized composite e-service
recommendation system that aims to create value-added composite e-service
flow to provide users with personalized recommendation support. While the
online users are browsing the composite e-service information, the composite
e-service platform will support user with the personalized recommendations,
which assist users to make decision by selecting the suitable composite
e-services. The rest of research is organized as follows, Section 2 introduces
the related works, includes definition of composite e-services, collaborative
recommendation, mining approach and topic map standards, etc. Section 3
describes the overview of the:advanced composite e-service platform that
includes knowledge map building system: and personalized recommendation
system. This research focuses on the-personalized recommendation system.
The section on knowledge maps building.system will be introduced in another
research. Section 4 describes the architecture and functionality of
personalized recommendation system’s architecture and functionality. Section
5 demonstrates the prototype system. The conclusion and future works are

finally made in section 6.



2. Related works

The aim of this research is to implement a personalized recommender
system under the composite e-services platform. The relate works of this
research includes e-service definitions, web service standards, topic maps

standards, recommendation approaches, and data mining techniques.

2.1 E-Service

2.1.1 E-Services and Composite E-Service Platform

E-services, a business concept developed'by Hewlett Packard (HP), is the
idea that the World Wide Web is moving beyond e-business and e-commerce
into a new phase, where many business-services can provide to the business
or consumer using the Web. HP 'defines e-services as modular, nimble,
electronic services that perform work, achieve tasks, or complete transactions
[3] [14]. Almost any asset can be turned into an e-service and offered via the
Internet to drive new revenue streams and create new efficiencies. R.
Balakrishnan [4] defined an e-service as any application, written potentially in
any language that conforms to a set of meta-data and can received and

responds to messages as defined by its service specification.



2.1.2 Composite E-Service

Casati [6] [7] [8] [9] provides a definition, analysis and enactment of
e-services: A composite e-service is a combination of several basic e-services
and works similar to a workflow approach. Casati and other researchers have
designed a composite service description language (CSDL) to describe the
composition by means of a directed graph. The nodes in the CSDL represent
the interactions between e-services while arcs define the execution of
dependencies among services. Special nodes are provided to denote the
starting and ending points of the composite service, or to route the execution

flow as shown in Fig. 2.1.

-]

E-service 1 Chack phssed? Abort

yes

<

Start Nelle ain E-Service 3 E-Servics 4 Complete

E-Service 2

Fig. 2.1 Composite Service Description Language diagram (CSDL)



Piccinelli and Williams [20] developed a DySCo (Dynamic Service
Composition) project. Their workflow model is a basis for a multi-layered
composition framework for web services. Liu [19] performs a composite

e-service platform with recommendation ability.

2.2 Web Service

Web services are a new breed of Web application. They are self-contained,
self-describing, modular applications that can be published, located, and invoked
across the Web. Web services perform functions, which can be anything from simple
requests to complicated business processes. A sample Web service might provide
stock quotes or process credit card transactions. Once a Web service is deployed,
other applications (and other.Web'services) can-discover and invoke the deployed

service.

IBM web service tutorial (www.ibm.com)

The core of Web service standards mainly includes Simple Object Access
Protocol (SOAP), Web Services Description Language (WSDL), and Universal
Description, Discovery and Integration (UDDI). UDDI provides a mechanism
for clients to find web services. WSDL defines services as collections of
network endpoints or ports. SOAP is a message layout specification that
defines a uniform way of passing XML-encoded data. Web services can
significantly increase the online business's potential, by providing a way of
automating e-service communication and discovery of e-services. The core of

web service diagram is shown in Fig. 2.2
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2.2.1 The Universal Description, Discovery and Integration (UDDI)

UDDI provides a mechanism for users to find web services [11] [25].
Using a UDDI interface, businesses can dynamically look up as well as
discover web services provided by online business. A UDDI registry has two
kinds of users: businesses and customers. Businesses are the one who want
to publish the web service description while customers who want to obtain
services descriptions of a certain kind and bind to them programmatically.
UDDI itself is layered over SOAP and assumed that requests and responses

are UDDI objects sent around as SOAP messages.



The UDDI consists of four levels of information, described as follows:

1. The top-level element is the Business entity: This provides information
about the party who publishes services. This kind of information can be
seen as the white pages of UDDI.

2. The second-level element is the Business service: This provides a
description of the particular service and a list of categories that describe
the service.

3. The third-level element is the Binding templates: This provides the more
technical information about a web service.

4. The fourth-level element is the Publish assertion. This provides
information about a relationship between.two parties, asserted by one of

both.

2.2.2 Web Service Description{anguage (WSDL)

WSDL defines services as the collections of network endpoints or ports
[11] [27]. In WSDL the abstract definition of endpoints and messages are
separated from their concrete network deployment or data format bindings.
This allows the reuse of abstract definitions of messages, which are abstract
descriptions of the data being exchanged and the port types are represented
as the abstract collections of operations. The concrete protocol and data
format specifications for a particular port type constitute a binding. A port is
defined by associating a network address with a binding; a collection of ports

defines a service.



2.2.3 Simple Object Access Protocol (SOAP)

SOAP is a message layout specification that defines a uniform way of
passing XML encoded data [11] [24]. It also defines a way to bind to HTTP as
the underlying communication protocol for passing SOAP messages between
two endpoints. SOAP is similar to techniques such as DCOM, RMI and
CORBA in providing a simple, lightweight RPC-like mechanism. SOAP is
basically a technology providing a very simple one-way as well as
request/reply mechanism. A SOAP message contains three primary parts: an
envelop, a header for adding application-specific features to SOAP message,

and a body that contains information intended.for the recipient.



2.3 Topic Maps

The Topic Maps is an international standard (ISO/IEC 13250) first
published in January 2000 [15]. Topic Maps provide a bridge between the
domains of knowledge representation and information management and link it

to existing information resources. The basic concepts are shown as following:

® Topics are the main components in the topic maps. In a topic map, any
given topic can be anything [21]; in the case of composite e-services, any

e-service providers or e-service is a type of topic.

® Associations are the original information resource connected to the

meaningful link that is specified among several topic names [21].

® Occurrences are the informatien reseurces linked to the meaningful topic
names. A topic may be linked to one or more information resources that
are deemed to be relevant to the topic in some way. Such resources are

called occurrences of the topic. [21].

Topic Maps standardization can provide a clear structure in assisting an enterprise to
organize knowledge from different information resources and building a
knowledge-sharing environment for user to gain knowledge. The goal of Topic Maps
visualization is to help users to locate relevant information quickly and explore the
structure easily. There are two types of visualization: representation and navigation
[12]. Our research in composite e-service platform is using navigation visualization

interface as the interface.

10



2.4 Recommendation

2.4.1 Collaborative Filtering

Collaborative filtering approach identifies the relevant users who owns
similar profiles and provides the data of their preferences. The basic idea of
Collaborative Filtering algorithms is to provide e-service recommendations or
predictions based on the opinions of other like-minded user. Users usually
require input ratings about piece of information. These ratings are then used to
compute user’s correlation coefficients among existing users. The correlation
coefficient is a measure of the similarity between two different users’
preferences. The recommender system generates recommendations based on
the predictions of user's preference. This. approach doesn’'t consider any
analysis of the item itself [22]. Example of system taking of this approach that
achieved successfully result is GroupLens [16]. In recent recommendation
approach, collaborative filtering often combines with other approach to
increase the prediction for recommendations, such as content-based filtering

and association rules [17] [18] [20] [23].

Researchers have devised a number of collaborative filtering algorithms
that can be divided into two main categories: Memory-based (user-based) and
Model-based (item-based) algorithms [5]. We provide a detailed analysis of
collaborative filtering based recommender system algorithms in following

section.

11



1. Memory-based Collaborative Filtering Algorithms. Memory-based
algorithms utilize the entire user-item database to generate a prediction.
These systems employ statistical techniques to find a set of users; known
as neighbours, that have a history of agreeing with the target user. Once a
neighbourhood of users is formed, these systems use different algorithms
to combine the preferences of neighbours to produce a prediction or top-n

recommendation for the active user.

2. Model-based Collaborative Filtering Algorithms. Model-based
collaborative filtering algorithms provide item recommendation by first
develop a model of user ratings. Algorithms in this category take a
probabilistic approach and:envision the collaborative filtering process as
computing the expected-value of a user.prediction, given his/her ratings
on other items. The maodel tbuilding-process is performed by different
machine learning algorithms such _as Bayesian network, clustering, and

rule-based approaches.

2.4.2 Content Based Filtering

Content-based filtering collects information from the user and comparing
its past behaviour and preference as the representation of contents of user
profiles which express the interests of users. A user profile is built up by
analyzing accumulated user rating content based on past purchasing
behaviour. In this method, the techniques of information retrieval are used in

content analysis.

12



2.5 Data Mining

2.5.1 Introduction of Data Mining

In the information age, because of the explosive growth of the data being
collected in the databases, many enterprises require the data mining
techniques tools to intelligently and automatically transform the processed
data into useful information and knowledge to understand customer behaviour

patterns, and improve both the quality of service and competitiveness.

Because of the above reason, data mining has become a research area with
increasing importance. Data mining is also referred to as knowledge discovery
in databases, which means a.process.of .nontrivial extraction of implicit,
previously unknown and potentially-useful. information (such as knowledge

rules, constraints, regularities) from-data in'databases. [10] [13]

Several requirements and challenges of data mining are faced during the
development of data mining techniques. [10]

1. Handling of different types of data.

2. Efficiency and scalability of data mining algorithms.

3. Usefulness, certainty and expressiveness of data mining results.

4. Expression of various kinds of data mining results.

5. Interactive mining knowledge at multiple abstraction levels.

6. Mining information from different sources of data.

7. Protection of privacy and data security.

13



Until now, there are many kinds of techniques that can be used to discover
knowledge, such as association rules, classification rules, clustering, etc. In
this research, the association rule mining technique is used to find frequent

itemsets and obtain support value to make recommendations to users.

2.5.2 Association Rules Mining

Association rule algorithm identifies the correlations between items in
transactional databases. Given a set of transactions, where each transaction is
a set of items, an association rule is an expression X =>Y, where X and Y are
sets of items. The intuitive meaning of such a rule is that transactions in the
database which contain the items'in X tend te:.also contain the items in Y.

An example of such a rule might.be that 80% of customers who purchase tires
and auto accessories also buy some-automotive services; here 80% is called
the confidence of the rule. The support of the rule X =>Y is the percentage of

transactions that contain both X and Y.

1. Support: Percentage of transactions that contain both A & B:
(A=>B)=P(AUB)
2. Confidence: Percentage of transactions containing A, which also contain B:

(A=>B)=P(B|A)

The core of association rules mining is to find all rules that satisfy a
user-specified minimum support and minimum confidence. Applications
include cross-marketing, attached mailing, catalog design, loss-leader analysis,

store layout, and customer segmentation based on buying patterns [2].

14



deta

The Apriori Algorithm is used in association rule mining and is shown in

ilin Fig. 2.3.

(8]

Algorithm: Aprioni. Find frequent itemsets using an iterative level-wise approach

Input: Database, D, of transactions; minimum support threshold, min_sup.

Method:

(1) L;=find frequent 1-itemsets(D);
(2) for(k=2:Li1 =@ k+){

(3) Cy. = apriori_genl, ;, min_sup);

(4) for each transaction t=D {// scan D for counts

(5) C = subset(Cy. 1); //get the subsets of t that are candidates
(6) for each candidate c = C,

(7) c.count++;

(8) }

(9) Ly = {c £Cy | c.count =min_sup}

(10) }

(11) return L=7Y Lk :

based on candidate generation.

itput: L, frequent itemsets in D.

Fig. 2.3 Association Rule Mining Algorithm (1)

(D)
2)
3)
@)
)
(6)
(7
(8)
©)

procedure apriori_gen (L ;: frequent (k-1);

min_sup: minimum support threshold)

for each itemset [ e Ly 4
for each itemset L, L 4
if (U[1=LID A o (G[k-2]=L[k-2]) ~ (h[k-1] <L[k-1]) then{
¢ =l;>< L: //join step: generate candidates
if has_infrequent subset(c,L; ;) then
delete c: //prune step: remove unfruitful candidate
else add c to Cy;

}

refurn Cg;

Fig. 2.3 Association Rule Mining Algorithm (2)
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procedure has_infrequent subset (  c: candidate k-itemset;
L. j: frequent (k-1)-itemsets )
// use prior knowledge
(1) for each (k-1)-subsetsofc
(2) ifs21, ; then
(3) return TRUE;
(4) return FALSE;

Fig. 2.3 Association Rule Mining Algorithm (3)

Fig. 2.4 is an example of transaction database example; assume that the
minimum support for the large itemset is 40%, applied to above association

rule mining algorithm.

Database [
TID | Items
100 |ACD
200 | BCE
300 | ABCE
400 | B E
C I
Itemset | Sup. Itemset | Sup.
{A} 2 {A} 2
Sean {B} 3 {B} 3
D {C} 3 {C} 3
e {D} 1 {E} 3
{E} 3
Ca [of L
Itemset Itemset | Sup. Itemset | Sup.
{A B} {A B} 1 {A C} 2
{A C} Scan {A C} 2 {B C} 2
{A E} D {A E} 1 {B E} 3
{B C} — {B C} 2 {C E} 2
{B E} {B E} 3
{C E} {C E} 2
Cy Cs Ls
Ttemset S‘;;n Itemset | Sup. Ttemset | Sup.
{B C E} . {B CE} 2 {B C E} 2

Fig. 2.4 Association Rule Mining Example

16



2.5.3 Process Mining

The goal of workflow management is to handle cases as efficient and
effective as possible. A workflow process is designed to handle similar cases.
Cases are handled by executing tasks in a specific order. The workflow
process model specifies which tasks need to be executed and in what order.
But workflow design is very complex and time consuming; therefore process
mining is used to discovering the actual process models. Process mining starts
by gathering information about the processes through workflow logs [1] [28]
[26]. Workflow log contains information about the workflow process as it is
actually being executed. The goal of process mining is to reverse the process
and collect data at runtime ta support workflow design and analysis. The
information collected at run-time.can be used.to-derive a model explaining the

events recorded.

In this research, process mining is used in the composite e-service flow
schema, where association rule mining is used to find the item sets from
composite e-service execution logs and generate into the recommendation list

in the database.
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3. Overview of Composite E-Service Platform

The composite e-service platform aims to add values to the composite
e-services by providing users with the knowledge map navigator and
personalized recommendation support. Our proposed composite e-service
platform includes two main systems: Knowledge Map Building System and

Personalized Recommendation System. Fig. 3.1 shows the architecture of the

composite e-service platform.
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Fig. 3.1 The Architecture of Composite E-Service Platform.
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3.1 Knowledge Map Building System

The overall process of this system can be classified into two components:
online and offline. Offline components consider the building and structuring of
a knowledge maps environment through topic maps format. Once the
knowledge map building system accomplishes its offline process, its online
component considers the user friendliness for the knowledge maps navigator
while searching for e-service online. The Knowledge map building offline
components are covered in module one, two, and three; online component is

covered in module four.

1. Service plan building module
This phase is where various e-service.providers provide their service
information here and predefine some-service plans by plan designers.

2. Data mining module
Data mining approach is used here to find some useful knowledge
patterns between composite e-services and their attributes.

3. Topic Map Generator Module
XTM (XML topic maps) is used here to create knowledge map by
arranging subjects and ontology relations due to knowledge patterns.

4. User Navigating interface module
User can navigate the knowledge patterns for composite e-service by

using a XTM based composite e-service navigator interface.
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3.2 Personalized Recommendation System

The overall process of this system can also be classified into two main parts:
online and offline. Offline components consider the clustering of users with
their preference group and mining through preference group’s usage records
and in the end generate a personalized recommendation list. Online
components of personalized recommendation system consist of two
components: user feedback collection and a middleware which works closely
with user navigating interface module from knowledge map building system.
The personalized recommendation offline component is covered in modules

one, two and three; online component is covered in modules four and five.

1. User preference module
This phase uses collaborative filtering algorithm to find the similarity
between users and to form the. nearest neighbours of their preference
similarity and make predictions of individual services based on the
opinions of other like-minded users.

2. Composite e-service flow mining module
This phase uses the association rule mining techniques and score
approach to find composite e-service flow predictions based on user’s
usage records in the preference group.

3. Personalized Composite E-Service Recommendation module
Top N approach is used here after generating complete composite
e-service recommendations by gathering both basic service predictions

and composite e-service flow predictions.
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User Feedback module

This phase uses the collaborative filtering mining techniques to find user’'s
preference group from customer database. It is very important to collect
user’'s feedback about the preference for the different e-services after

he/she finishes navigating the user navigating interface.

Middleware module

Middleware module is a bridge between the connections of both systems,
while user searches the available service information in the composite
e-service navigator; middleware module delivers some of personalized

decision support recommendations for user to view.
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4. Personalized Recommendation System

The personalized recommendation system implements two of the most
popular approaches to generate personalized recommendation lists:
collaborative filtering and data mining. By integrating collaborative filtering with
data mining approach it lets the system to predict user's personal
recommendations more intelligently than other earlier system, which only used
data mining or collaborative filtering approach. The main objective of the
personalized recommendation system is to analyze users’ preferences on
individual e-services and mining the scores for each composite e-service. The
whole system consists of five modules.and the detailed architecture system is

shown in Fig. 4.1.

22



1

Knowledge Map Navigator

[ 1 I_

r'__ _____ ] -

|
I I
I I | | services N |
I Usage Feedback | |—m| Sorvice Sarvice
recard I Intarface Feedback logs Rating Data I
Matching Ll Identifying | I I
Rules user | e e e e e e e e e Ly
I 1 I
|
I [ =~ Y R I e — it |
| | Flow Mining Module | | User Preference Module |
User database | I [ ] I
| Association [ |
| I Rule Mining User Preference
I I Mining I
I | | | User Similarity |
| I neighbaurs Group I
User Navigating | I I I | Basic Service | |
status analysis I | Scoring | Prediction I
I | Approach I |
1 ¥ :
Middleware Module | L —— e e e ey [ e e
s e o e
\
Composite
E-service Flow Personalizad
Recammendation Recommendation

Recommendation Module

Fig. 4.1 Personalized Recommendation System

23



4.1 User Feedback Module

If a user uses any e-service that is provided in the composite e-service
platform, we recommend the user to do an e-service evaluation feedback in
our system. This explicit user data collects user rating on various e-services

used by the users in the past.

4.2 User Preference Module

Pearson correlation coefficient is used to identify each user’s preference
similarity toward other users, and form the k-nearest neighbour for each user.

It is calculated as in Equation 1.

w(u,i) : The similarity between active user u (who we want to recommend it)
and user i.

ruj, (rj) : The rating of user u(i) for item j.
r,.,r.  :The average rating of user u (i)

lui : The set of items that were rated by both user u and user i .
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This work does the above algorithm to calculate the similarity on e-service
preference among all users, and then forms the nearest neighbours whose
similarity value is greater than a specified threshold or select the nearest
neighbours based on top N similarity value. Through the user’'s nearest
neighbours, the system can predict user's preference on the individual
e-services that user have not used before. The formula used to calculate the

users’ prediction score on unused e-services is shown in Equation 2.

P, =T, + Zi:lwn(u’ I)<rj’.i — ri) )
Zi:l‘w(u’ I)‘

Puj : Prediction for the active user u on.item j.
r,,r.  :The average rating of useru (i).

w(u,i) : The similarity between active useru and user i.
rij : The rating of user i on item j

n : The number of user in neighborhood.

4.3 Flow Mining Module

Composite e-service is a composition of various individual e-services.
This research uses a data mining approach to find frequent ordering scores
and frequent attributes scores for every composite e-services flow schema
stored in the database. To provide advanced recommendations of complete
composite e-services, this system uses a scoring approach to recommend the

top N composite e-services for customers.
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The purpose of this module is the mining of the order between e-services and
the attributes of basic e-services in the composite e-service. The mining
results then form recommendation score for each composite e-service flow.
Apriori algorithm is used here to mine the frequent orderings set between

e-services and frequent attributes set of e-services.

Table 4.1 indicates the examples of composite e-service’s flow definition
for computer e-courses. CSID are the identifiers of flow schema definitions and
CIS are the identifiers of instances of flow schemas. To clarify the steps for
flow mining module, basic services are represented by capital letters. Flow
schema definition is the graphic representation for composite e-services.
Notably, the ordering between basic e-service A-and B is transformed into (A,
B). If the composite e-service-exists a-path-flow from e-service A to e-service B,
its means that e-service A precedes service B in the composite e-services.
Therefore, in composite e-service CS05, we can derive the ordering list: {(B, D)

(B, C) (B,E) (C, E)}.
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Table 4.1 Example of Ordering List for Composite E-Service

Flow Schema Instance
CSID o CIS | Execution Ordering List
Definition
Logs
K C001 | ACD (A, C) (A, D) (C, D)
CS01| A—™<C
E C002 | ACE (A, C) (A, E) (C, E)

(A,B) (A,D) (A, E)

B C003 | ABDE © D) (B E) (. E)
CS02 | 4 }, D—E
C C004 | ACDE (A, C) (A, D) (A E)

(C,D)(C,E) (D, E)

CS03| C—+B—E C007 | CBE (C, B) (C, E) (B, E)
CS04| A—+B—»G C008 | ABG (A, B) (A, G) (B, G)
D
Cso5 | B C008 | BDCE (8,D) (8, C) (B, E)
(C,E)
C—E
.- C010 | ADE (A, D) (A, E) (D, E)

CS06 ﬁa%
C CO1l | AC (A, C)

Table 4.2 indicates the examples of e-service’s attributes for computer
e-courses. BSID are the identifiers of basic e-service in the composite
e-service. To clarify the steps for attributes mining module, attributes is

represented with small letters.
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Table 4.2 Example of Attributes List for E-Service

Service Attributes Attributes

BSID

(Database Computer Course) List
Course Instructor= Mike, al,
Course Level= Beginner, b2,

BS01 | Course Location= Taipei, c3,
Course Provider=PC-School, d3,
Course Time schedule=Morning, e2
Course Instructor= Nancy, a2,
Course Level= Advance, b3,

BS02 | Course Location= Taipei, c3,
Course Provider= PC-School, ds3,
Course Time schedule=Evening, el
Course Instructor= Mike, al,
Course Level= Beginner, b2,

BS03 | Course Location= TaiChung, c2,
Course Provider=Mitac, di,
Course Time schedule= Evening, el
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4.3.1 Mining Frequent Ordering Sets

The system can recommend the frequent ordering sets of each composite
e-service flow. The following illustrates the mining of frequent ordering sets of
flow schema. The frequent orderings of other composite e-services are derived
similarly. Every element (X, Y) in the ordering list is a candidate item for
deriving frequent ordering sets. The support of an ordering set is the ratio of
instances that contain all orderings. Ordering sets with support values greater
than the required minimum support values are called frequent ordering sets.
We also use the Apriori Algorithm [2] to generate the frequent ordering sets
that satisfy the required minimum support value. Suppose that the required
minimum support value is 25%. Table 4.3 shows the example of frequent

ordering sets and their corresponding support.values for flow schema ACD.

Table 4:3 Frequent Ordering Sets

Frequent ordering sets Support
(A,C) 55%
(A,D) 36%
(C,D) 21%

After finding the frequent ordering sets, the system computes the ordering
score of composite e-services that include A, C, and D. The ordering score can

be derived by the Equation 3.

Order Score of composite e-service (CS) = ZSUP({X, y}) (3)
{x,y}eCS.ordering
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Where ((x, y) =CS ordering) means that the ordering (x, y) holds in the flow
schema of the composite eservice. For example, in C001, the supports of (A,
C), (A, D), and (C, D) are 55, 36, 21, respectively. Therefore, the ordering
score of CO01 = sup (A, C) + sup (A, D) + sup(C, D) =55 + 36 + 21= 112.
Ordering scores for other flow schema of the composite e-service are derived

in the same way.

4.3.2 Mining Frequent Attributes Sets

According to these log data from table 4.2, we can use the Apriori
algorithm [2] to discover the frequent attribute sets. Support of the attribute set
is the ratio of those instances that contain all attributes in attribute set.
Suppose that the required minimum support value is 25%, attribute sets with
support values greater than minimum-support value are called frequent
attribute sets. Table 4.4 shows the example ‘'of the frequent attribute sets and

their corresponding support values.

Table 4.4 Frequent Attribute Sets

Frequent Attribute Sets Support
Course Instructor= Mike 55%
Course Level= Beginner 66%
Course Location= Taipei 36%
Course Provider=PC-School 21%
Course Time schedule=Morning 23%
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The system gives each composite e-service a attribute score. In this
example, we compute the attribute score of each flow schema of composite
e-service that includes A, B, C, and D. To consider the constraints of
customers, the system may not only select the flow schemas which include A,
B, C, and D, but also select the ones whose attributes that meet the
customer’s constraints. The attribute score of a composite e-service is the

summation of the attribute scores of its basic eservices, as in the Equation 4.

Attributes score of composite e-service = Z ZSUP( P) (4
eeCS pe.e.attribute

Where e denotes a basi¢ e-service in. a composite eservice CS; p
represents an attribute in -e-service. Currently, the attribute scores only
consider the support values of attribute-of e-services. Each e-service has
default attributes in a flow schema. definition. For example, in C001, the
supports of (Course Instructor= Mike), (Course Level= Beginner), (Course
Location= Taipei), (Course Provider=PC-School), and (Course Time
schedule=Morning) are 55, 66, 36, 21, 23 respectively. Therefore, the attribute
score of C001 = sup(Course Instructor= Mike) + sup(Course Level= Beginner)
+ sup(Course Location= Taipei) + sup(Course Provider=PC-School) +
sup(Course Time schedule=Morning) = 55 + 66 + 36 + 21 + 23 = 112. Attribute
scores for other flow schemas of the composite e-service are derived in the

same way.
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4.3.3 Total Scores of Composite E-Service

A total score can be derived by summing up the frequent ordering score

and the frequent attribute score. The formula is shown in Equation 5.

Total score = (frequent ordering score + frequent attributes score) (5)

The system ranks extracted composite e-service based on the total score. And
the system recommends the top N flows of composite e-services to the users.
The top three recommended composite e-services will be shown in the

system.

4.4 Personalized Recommendation Module

To generate the complete personalized recommendation list for each user,
this module generates recommendation list according to the recommendation
scoring calculated from previous modules. Recommendations only take the

top N in the recommendation list.

By combining the recommendations for composite e-service flows and
basic services to form a complete personalized recommendations, users will
not only getting recommendations on composite e-service flow definition, it

also receives personalized basic service recommendations.
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4.5 Middleware Module

In order to successfully implement the composite e-service platform
environment, middleware module is an essential key. Middleware acts like a
“glue” which connects the knowledge map building system and personalized

recommender system together into a complete composite e-services platform.

While the user is browsing in the knowledge map navigator, middleware
module delivers personalized decision support recommendations on
composite e-services as to provide value added features to the user when they
are using the composite e-services. While middleware module process been
activated, user identification and service category identification is performed
and then looks up the recommendation list in.the database to extract a set of
recommended composite e-service flows-for the-target user. It then transforms
the selected set of recommendation. list into.a dynamic webpage (such as JSP
or ASP etc) for user to view the knowledge maps navigator. The infrastructure

of middleware module is shown in Fig 4.2.
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Middleware module consists of three online processes as to deliver
personalized recommendations to user while using the knowledge maps

navigator:

1. User Identification

When user is using the composite e-service navigator, the user is required
to login with the email and the password to identify user identity. When the
middleware receives user’s login information, it will confirm the information
with the user database and save the information into the cookie if the user

information matches with the user database’s data.

2. User Navigating Category Identification

Before user gets a set -of personalized recommendations for composite
e-service, the system needs to identify. which category in the e-service
clusters that the user plans to view, so-personalized recommender system
can provide the correct type of recommendations according to the e-service

cluster.

3. User and Recommendation List Matching Process

The personalized recommendations will be activated when both the user
and the category of e-service cluster are identified. Matching process will
match the recommendation database with user identification and the
e-service category type. If matching process finds the match data in the
database, it will extract a set of recommendations for both composite and

basic e-services to user to view.
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5. System Implementation and Demonstration

In order to illustrate how the proposed personalized recommendation
system functions and works with the composite e-service platform, a prototype
is developed using programming languages in JSP and SQL. The
development tools include Borland J-Builder and Microsoft FrontPage. Web
server is setup on Apache Tomcat 5 and database is on Microsoft SQL server
2000. Section 5.2.1 describes all the interfaces for the backend personalized
recommendation generation, and section 5.2.2 introduces the interface for

online personalized recommendations on composite e-service navigator.

5.1 Personalized Recommendation. System Demonstration

This section is based on the system-infrastructure described in chapter
four. The system demonstration consists ‘'of two main parts: the personalized
recommendations generation procedure which is shown in section 5.2.1 and
the procedure of performing composite e-service recommendations to user on
the composite e-service navigator which is shown in section 5.2.2. In this
prototype system, online computer courses information is used as an example
in the prototype system. The starting page of the prototype system is shown in

Fig 5.1.
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5.1.1 Demonstration of Personalized Recommendation System

] http:/§140.113.72,201:8080)webModulet jindex 1. jsp

37



5.1.1.1 Feedback Page
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Fig. 5.2:Us sedback Page

In Fig. 5.2, before collecting om users, it is required for users to
login with their username and password to ensure the correct user feedback.
After user has login into the feedback page, user’s e-service usage records will
be shown on the page to help users to memorize the e-service they have used
before. In the prototype system, e-service name and provider of the e-service

must be provided by the user and the each e-service rating value is from 1 to 5

and is shown from the following:

1 — Really bad e-service
2 — Bad e-service

3 — Average e-service

4 — Good e-service

5 — Excellent e-service
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5.1.1.2 Users Preference Similarity

Click the hyperlink in the Fig 5.3 to enter the user preference’s page. This
page is used to find the similarity between all users in the database. The
middle frame shows the last updated user similarity in the database and
pressed the button circled in red to activate all users’ similarity score shown in
Fig. 5.3. And the results of renew similarity will be shown on the right side of
the system, as shown in Fig.5.4. The similarity score is from 1 to -1. 1 means
another user has similar preference behaviour with user and -1 mean opposite

preference behaviour. While 0 means no correlation coefficient with user.

For Example, user Mike's rating value has been entered into the system
for finding his preference group.through the similarity score. From the result,
user Lo score 0.52, user Amy’s similarity-is-0.51, user Tan’s similarity is -0.27
and user Tsai’'s similarity is -0.18. Erom the result, we can predict that user Lo
and Amy have very similar preference behaviour and will be cluster as Mike’s
preference group. User Tan’s similarity is -0.18 means he has opposite

preference behaviour against mike’s preference
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Fig. 5.4 Comparison between Latest and Current User Preference Similarity
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Fig. 5.5b Functional Description for the User Preference Similarity

Function description circled in Fig. 5.5 shows a help page which explains

the formula used to calculate similarity between users.
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5.1.1.3 User’s Unused E-Services Preference Prediction

Through the similarity score, each user is clustered with his/her own
preference group, the top 3 most correlated users are taken from preference
group to predict the user’s preference toward unused e-services. In Fig 5.6,

the button on the left activates the new prediction calculation.

In Fig. 5.6, click the hyperlink on the top of the screen and enter into the
basic service prediction page. In the middle frame, shows the last updated
basic services prediction score for each user in the database. Press the button
on the left to activate basic service score calculation per each basic service.
And the results of renew service prediction score will be shown on the right
side of the system screen as-shown in'Fig.5.7. Fhe service prediction score is
a score from 0 to 100. The higher:the-score.means the higher interest for user

to accept the e-service.

For example, the top 3 most correlated users in the user preference group
for user Mike are Song, Chen and Tsai. And with the calculation it shows that
user Mike will have a strong interest on e-service course of XML with a
prediction score of 75. And this e-service can be recommended to user Mike

as first recommendation for basic service.
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Fig. 5.7 E-service Preference Prediction Comparison
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Fig. 5.8b Functional Description in User Preference Prediction Page

Function description in Fig. 5.8 shows a help page which explains the

formula used to predict the e-service that is not used by the user before.
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5.1.1.4 Flow Ordering Score for Composite E-Service

The composite e-service flow ordering scoring approach uses association
rule mining to find the large frequent 1 support value as the basis for the flow
ordering score calculation in each composite e-service. As mentioned in
chapter four, e-services ordering are transformed as (A, B). For example, user
Mike took a composite e-service flow:

VB => ASP => C#.
The flow ordering for the composite e-service consists ordering of (VB, ASP)
and (ASP, C#). And two orderings are candidates in the association rule

mining.

For example, the top 3 most.correlated users in the user preference group
for user Mike are Song, Chen and.Tsai.-By-collecting their usage records for
composite e-service, the association.rule-mining then finds the ordering set in
the usage record and can gain support value for each ordering to score up all

composite e-service flow in the database.

In Fig. 5.9, click the hyperlink on the top of the screen and enter into the
ordering score calculation page. On the middle of screen, it shows the last
updated composite e-service flow ordering scores for each user in the
database. Press the button on the left to activate ordering calculation for each
composite e-service. And the results of renew flow ordering score will be

shown on the right side of the system screen as shown in Fig.5.10.
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Fig. 5.11b Functional Description in Composite E-Service Ordering Score Page

Function description in Fig. 5.11 shows a help page which explains the

formula used to calculate ordering score for each composite e-service.
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5.1.1.5 Attributes Score for Composite E-Service

Each composite e-service consists of several basic e-services. Each basic
service consists of its own attributes. In this prototype system, online
e-learning computer courses are set as the example of basic e-service. Each
computer course consists of five attribute types: time, instructor, provider,
course level, and location. The composite e-service flow attributes scoring
approach uses association rule mining to find the large frequent 1 support
value for the attributes as the basis for the flow ordering score calculation in
each composite e-service. These attributes are the candidates for the
association rule mining. For example, user Mike took a composite e-service
flow: VB => ASP => C#.

Each basic service consists of specific attributes:
VB: location=Taipei, time=Morning, Instructor=Nancy, provider=PC-school, level=beginner
ASP: location=Taipei, time=Afternoon, lnstructor=Kit, provider=UMC, level=beginner
C#: location=Hsinchu, time=Evening, Instructor=Tom, provider=UMC, level=Advance
The association rules then mine the attributes set in the usage record and gain
support value for each ordering to score up all composite e-service flow in the

database.

In Fig. 5.12, click the hyperlink on the top of the screen and enter into the
attribute score calculation page. In the middle of screen, it shows the last
updated composite e-service attribute scores in the database. Press the button
on the left to activate attribute score calculation for each composite e-service.
And the results of renew attribute score will be shown on the right side of the

system screen as shown in Fig. 5.13.

48



Zj http://140.113.72.201:8080/WebModule1 /attribute.jsp - Microsoft Internet Explorer

| wEe WO emY wheEe TEO A |

Qu-0)-[x[E n| O Joame @ @ (- L= 0 H

D) IEhttp:HHD.l13‘72‘ZEIl:BDEDJWEthdu\Eliattr\hute.]sp j i;i S |6 -

[E = [T [ e
' ibute Calculation Page

|#mp mmo wAw sHAZe RO R 0]

Q-0 - [x[@ ] Lne Jrammz @ & (2- 2= 6 EH

#AHH(D) IE http:/i140.113. 72, 201:50800webModule fattribute. jsp

= Bz e @ -

&= [T e s
Fig. 5.13 Comparison between Latest and Current Attribute Scores
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Fig. 5.14b Functional Description in Attributes Calculation Page

Function description in Fig. 5.14 shows a help page which explains the

formula used to calculate attribute score for each composite e-service.
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5.1.1.5 Composite E-Service Recommendation Score

Composite e-service’s recommendation score is derived by summing up
the frequent predicate score and the frequent ordering score. The system
performs composite e-service flow recommendations to user by taking the top

3 of high recommendation scores in the composite e-service list.

For example, after both flow ordering score (125) and attributes score
(250) for composite e-service (VB => ASP => C#) have been calculated. The
recommendation score for this composite e-service flow is 125+250= 375.

User Mike’s recommendation score toward to this composite e-service is 375.

In Fig. 5.15, click the hyperlink on the top- of the screen and enter the
recommendation score calculation-page.-ln the middle of screen, shows the
last updated composite e-service recommendation scores for each composite
e-service flow in the database. Press the button on the left to activate
recommendation score calculation for each composite e-service. And the
results of renew recommendation scores will be shown on the right side of the

system screen as shown in Fig. 5.16.
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Fig. 5.17b Functional Description in Total Score Calculation Page

Function description in Fig. 5.17 shows a help page which explains the formula

used to calculate recommendation score for composite e-service.
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5.1.2 Perform Recommendations on the Composite E-Service Platform

In order to perform recommendations on the composite e-service
navigator successfully, the middleware module acts as a bridge between the
personalized recommender system and composite e-service navigator. The
following is the demonstration for the middleware’s three steps of the

recommendations.

5.1.2.1 User Identification

When user is surfing in the composite e-service navigator, if he/she sends a
request for a recommendation, the first step is to perform the login process.
This step is used to identify user and save the information into cookie. Fig.
5.18 demonstrates the login process. User Mike-has filled in his email address

and the password to login to the composite-e-service navigator.

SE
WED SSE BA0 SEEw IS0 HED w
OB -O-N@E G Pee aneE ome €| 0- 0304 @ @ -
D) [E] hitp:iocalhostCommereCEVSLogin aspx
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Evening.¥acation [T Rember My E-Mail on this computer
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Ucom.Network If you do nat have a account , please register first. L
Taipei.Taichung
Afternoon.Evening
Basic.David.Mike @ Register
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PCSchool.Office
Taichung.Kaohsiung
Evening.¥acation LI

[ [ [ NImsmsme

Fig. 5.18 User Login Page for Personalized Request
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5.1.2.2 User Navigating Category Identification

When user Mike logs in the composite e-service navigator, before
recommendations is performed, the system needs to identify the category of
service cluster that the user plan to view. In Fig. 5.19, user Mike can choose
one of the knowledge map clusters for the e-service to get his personalized
recommendations and user Mike decides to click on a cluster type of e-service

(e.g. cluster A) for his personalized recommendations.

5.1.2.3 Matching Process between User and Recommendation List

In Fig 5.20, after user Mike clicked on cluster A, a personalized
recommendations list will pop up in the composite e-service navigator screen
to suggest the kind of composite e-services that user Mike can take within this
category. In the popup page-of.the recommendation list, the user can click on
any e-services in the compesitete=service- flow and it will link user back to
composite e-service navigator's<e-service page for more details. Fig. 5.21 is
the first composite e-service flow recommendation for user Mike to take. When
user Mike clicked on the SQL course in the composite e-service flow, this will
link user Mike back to the composite e-service navigator page where e-service

(SQL 2000) is located, as shown in Fig. 5.22.

55



/3 hitp-flocalhost/Commerce CSY o [ |

BEE EEE #E0 BSEw TED 39E i
QLrE-O-HA@E 0| lus ez e |- .BUEE -
D) [] hpiocalhostCommeneCSTS et sspxate gorylD=10aselection=D B>

EAEES THERTNA®TRE [BT23Comoded =1oi«
NCTU IIM DBIS Lab BEE BEE BRE HUSEW IAD HEO | &

@ile E-service Recom@

Composite ank|  Composite E-service Flow |
E-Services e

Navigator
User: Mike

| »

Cluster A PCSchoo
Mitac.vatabase
Taipei.Hsinchu
Evening.V¥acation
Basic.Advance
John.Nancy

Microuaft
SQL Sarver

Cluster B 2
Ucom.Network
Taipei.Taichung
Afternoon.Evening
Basic.David.Mike

Cluster C 3
PCSchool.Office
Taichung.Kaohsiung
Eve_ning.\n‘acatiun j ﬂ
T T WITERITEEE
Fig. 5.19 Top 3 Personalized Composite E-Service Recommendations
_slx]
BEE REE wA0 #AEW IBQ A i
QEE-O-H@ 6| Pus H3mas @l |- uB A B & -
D) [] hipocalhostCommeneCETStproductist sspCate goryD=10aselertion=D) =
EAEE AR R A R | e =[ol
NCTU 1IM DBIS Lab wRE REED BRY HFOREW IS0 HEE ‘ y |
B
1
Composite
E-Services Provide
Navigator N
User: Mike Sieria
Ueom 2 S0 Sarvor
Cluster & PCSchoo
Mitac.Database
Taipei_Hsinchu
Evening.Yacation
Basic.Advance
John.Nancy 3
Cluster B
#';'?J:{x}g&r:g fop 3 Basic Service Recommendations i
Afternoon.Evening
Basic.David.Mike |Ranks | E-Service
1 ‘ Jawa Fundamental
Cluster C l—
PCSchool.Office 2 ‘ ASP.NET
Taichung.Kaohsiung 3 C++
Evening.V¥acation ‘ B j
T T IR

Fig

. 5.20 Top 3 Personalized Basic E-Service Recommendation




Fig. 5.21 Composite E-Service Flow Link
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6. Conclusion and Future Works

6.1 Conclusions

With the rapid growth of electronic commerce, the electronic marketplace
has dramatically changed, which strongly influences the customers’ behaviour
of demands. Providing individual e-service cannot fulfill user's various
demands. So the composite e-services have become the new business

solutions for enterprise to satisfy user's demands.

This research implements a_composite e-service system based on
knowledge map building and .personalized.recommendation approach. While
users search the knowledge-about composite e-service inside the composite
e-service navigator, personalized:recommendations for composite e-service is
available to user for decision supportto:user. Our prototype system integrates
collaborative filtering approach with data mining technique, which can
effectively recommend personalized composite e-service to fulfill user’s
various demands. Therefore, this prototype system can assist e-service

providers to increase the popularity of their e-services on the internet.
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6.2 Future Works

Future works will be addressed in two directions:

1.

This personalized recommendation system does not consider about first
time users who have cold start problem. In future, the cold start problem
should be explored to predict first time wuser with personalized

recommendations.

This work implements a prototype of personalized recommendations for

composite e-services. Further evaluation is needed to verify the

effectiveness of the prototype system.
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Appendix

Table Schema

This implement personalized recommendation system used the following table

schema:

"fii SOL Server Enterprise Manager - % B 'DIAGRAM2' (#F 'E-Services’ ) i (local)']

[-E1=]
B EEE REwW HEW IETES]
He &8 St DR a7 apeg=5HE

The whole table schema diagram for this system

Table Name: Attribute_Instructor

Purpose: Store Composite E-Service Attributes information

Column Name Type Null | PK | FK Explanation
Instructor_ID Char(10) Y o Service instructor identify
Name Char(10) N Service instructor name
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Table Name: Attribute_Level

Purpose: Store Composite E-Service Attributes information

Column Name Type Null | PK | FK Explanation
Level ID Char(10) Y o Service difficulty identify
Name Char(10) N Service difficulty level

Table Name: Attribute_Location

Purpose: Store Composite E-Service Attributes information

Column Name Type Null | PK | FK Explanation
Location_ID Char(10) Y o Service location identify
City Char(10) N Service location name

Table Name: Attribute_ Provider

Purpose: Store Composite E=Service Attributes information

Column Name Type Null | PK | FK Explanation
Provider_ID Char(10) Y o Service provider identify
Name Char(10) N Service provider name

Table Name: Attribute_Time

Purpose: Store Composite E-Service Attributes information

Column Name Type Null | PK | FK Explanation
Time_ID Char(10) Y o Time period identify
Period Char(10) N Time period name
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Table Name: Basic_Service

Purpose: Store information about type of basic service

Column Name Type Null | PK | FK Explanation
Service_ID Int(4) Y o Basic Service identify
Service_Name Char(10) N Basic service name
Class_ID Int(4) N @ | Service type identify

Table Name: CIS

Purpose: Store identifiers of instances of flow schema

Column Name Type Null | PK | FK Explanation
CIS Int(4) Y o Instant flow schema identify
Flow Char(10) N Flow schema order identify

Table Name: Class

Purpose: Store information of type of e-service area

Column Name Type Null | PK | FK Explanation
Class_ID Int(4) Y o Service type identify
Name Char(10) N Service type name
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Table Name: Composite_Service

Purpose: tore composite e-service's flow schema and it ordering relations

Column Name Type Null | PK | FK Explanation
ID Int(4) Y o Total list identify
CSID Int(4) N @® | Composite e-service identify
CS_Flow Char(10) N Composite  e-service  flow

schema

CIS Int(4) N @® | Instant flow schema identify
Flow Char(10) N Flow schema order identify
Class_ID Int(4) N @ | Service type identify
Relations Char(10) N Order sets of flow schema

Table Name: Composite_Service2

Purpose: Store composite e-service'’s flow schema and attributes

Column Name Type Null | PK | FK Explanation
ID Int(4) Y o Total list identify
CsSID Int(4) N @® | Composite e-service identify
CIS Int(4) N @® | Instant flow schema identify
Service_ID Int(4) N @ | Basic Service identify
Class_ID Int(4) N @ | Service type identify
Instructor_ID Char(10) N @® | Service instructor identify
Level ID Char(10) N @ | Service difficulty identify
Location_ID Char(10) N @® | Service location identify
Provider_ID Char(10) N @® | Service provider identify
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Time_ID Char(10) N @® | Time period identify

Table Name: Person

Purpose: Store user person record

Column Name Type Null | PK | FK Explanation
Person_ID Int(4) Y o User identify
Name Char(10) N User name

Table Name: Rating

Purpose: Store user’s rating record toward basic service

Column Name Type Null | PK | FK Explanation
Rating_ID Int(4) Y ® Service rating identify
Person_ID Int(4) N @® - User identify
Provider_ID Int(4) N @ | Service provider identify
Service_ID Int(4) N @ | Basic Service identify
Rating Int(4) N Service rating score

Table Name: Recommendation_BS

Purpose: Store personalized recommendation list of basic service

Column Name Type Null | PK | FK Explanation
ID Int(4) Y o Recommendation list identify
Person_ID Int(4) N @ | Useridentify
Service_ID Int(4) N @ | Basic Service identify
Class_ID Int(4) N @ | Service type identify
Predictiom Int(4) N Service prediction score
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Table Name: Recommendation_CS

Purpose: Store personalized recommendation list of composite e-services

Column Name Type Null | PK | FK Explanation
ID Int(4) Y o Recommendation list identify
Person_ID Int(4) N @ | User identify
Class_ID Int(4) N @ | Service type identify
CSID Int(4) N @® | Composite e-service identify
Score Int(4) N Service score

Table Name: User_Transactions

Purpose: Store users’ usage records about.with flow Schema

Column Name Type Null | PK | FK Explanation
ID Int(4) Y o Transaction total number
Transaction_ID Int(4) N @® | Transaction identify
Person_ID Int(4) N @ | User identify
Class_ID Int(4) N @® | Service type identify
CIS Int(4) N @® | Instant flow schema identify
Flow Char(10) N Flow schema order identify
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Table Name: User_Transactions2

Purpose: Store users’ usage record about flow schema attributes

Column Name Type Null | PK | FK Explanation
ID Int(4) Y o Transaction total number
Transaction_ID Int(4) N @ | Transaction identify
Person_ID Int(4) N @ | Useridentify
Instructor_ID Char(10) N @® | Service instructor identify
Level ID Char(10) N @ | Service difficulty identify
Location_ID Char(10) N @® | Service location identify
Provider_ID Char(10) N @ | Service provider identify
Time_ID Char(10) N @ | Time period identify

70




