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and implementation of the user-centered data mining service
ontology on Universd Knowledge Giid (UKG). UKGis an
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0 Introduction

ata mining is one process of mining knowledge from

large amounts of data ugng various analysstools. The
models and relations can be used for prediction and decigon
supporting. Massve data collections need to be anayzed in
many sientific and busness areas. Moreover , in many cases
data sets must be shared by large communities of users that
pool ther resourcesfrom different Stesof a 9ngle organization
or from a large number of ingitutions.

S one kind of architectureis needed to facilitate database
reource integration, data mning, knowledge sharing and
knowledge integration for lving large scde dstributed
knowledge d soovery and knowledge integration.

Anontology isan explidt eafication of a conceptualizar
tion where definitions asodate concepts, taxonomies and relar
tionships with humarr readable text and forma , machine read-
able axioms'".

Universd Knowledge Giid (UKGQ) is an ontology- based
grid architecture for building large- scae distributed knowledge
sysemon the grid. U KG emphaszes geographicaly distribu-
ted high-performance knowledge d scovery gpplications and in-
tegration services. Ontology server is the center module. Data
mining ontology services are the main services offering by on-
tology server!?! .

The user-centered desgn is viewed as a process that em-
phaszes espedaly on making products usable. The usahility
of aproduct is defined on ISO 9241- as' the extent to which
a product can be used by gedfied user to achieve gedfied
goa s with dfectiveness, dfidency and satisaction in a ea-
fied content of use’™!.

This paper manly discusses the desgn and the imple
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mentation of the user-centered data mining service ontol-
ogy on Universal Knowledge Grid.

The rest of the paper is organized as follows. Sec-
tion 1 describes the Universa Knowledge Gid genera
architecture. Section 2 introduces the building of data
mining ontology. Section 3 discusses related work and
Section 4 gives a conclugon of the paper.

1 The UKG Architecture

The U KG architecture (Fig. 1) is defined on top of
Gid toolkits and services'? .

| Intelligent composer

Ontology server

Data integration
ontology services

T
Data mining
ontology services
I

_ Knowledge
integration ontology
services
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directory server

- i
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Fig.1 Thearchitecture d the UKG

1.1 Intelligent Composer

The inteligent composer offers a set of grgphica
tools. The user canform a graphic representation of her/
his knowledge requirements usng common visua facili-
tiesor naturad language. It dsplays the machine under-
standable semantics and gives an explanation of the dis
play. Userscan operate resources acoording to semantics.
1.2 Ontology Server

The ontology server is the center module. It is re-
gonsblefor the management and query of explidt, de-
claratively represented ontologes. Anontology server of-
ferspart or dl of thefollowing services, data integration
ontology services, data mining ontology services, knowl-
edge integration ontology Services.
1.2.1 Data integration ontdogy ervices

Data integration ontology services describe the seman-
tic of web documents, bridge the ggp between semi-sruc-
tured and sructured databases, fadlitate data deaning and
data preparation, heterogeneous data sources i ntegration.
1.2.2 Data mining ontology services

Data Mining Ontology Services offer a semantic
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model of user’ sgpplication needs, olution and data min-
ing a gorithm resources.
1.2.3 Knowedge integration ontology services

Knowledge integration ontology services maintan a
st of public avalable ontologies, faglitating the commu-
nication and knowledge interchange among different
knowledge bases, scoring the pattern of data mining on-
tology and gppending the dfective knowledge to knowl-
edge bases and integrating knowledge resources of differ-
ent levels to support problem analyss and ol ution.

1.3 Metadata Directory Server

This service ded s with maintaining the metadata to
describe dl the data, tools and knowledge used in the
Universal Knowledge Gid.

The metadata information is represented by XML
(extenghle Markup Language) documents and is storedin
Metadata database (Metadata DB) and Knowledge base.
1.4 Metadata DB

Metadata DB stores metadata of heterogeneous data
urces, tools and agorithms used for data integration
and data mining.

1.5 Knowledge Base

Knowledge base stores knowledge obtaned from re-
sults of the data mining process, i.e. learned model s and
d soovered patterns and the knowledge gathered from go-
plication domain.

2 The Building of Data Mining Ontolo-
ay

It is must be developed deeply and widely that data
mining technique, application actuality and developmental
trends in order to build the data mning ontology and
identify its range.

2.1 The Design of Data Mining Ontology

There are many researches on data mining technique
and system. Robert Grossman put forward the concept of
four ages of data mining'. Gregory Piatetsky- Shapiro
summarized the development of data mining system in
KDD2000"™! , which can be cond uded three phases: inde-
pendent data mining system, transverse data mining a go-
rithm tool s gather and lengthways data mining application
resolving scheme. Lu Hongjun developed the integration
trends of data mining, database and data warehouse in
PAKDD’ 01®. HanJiawei put forward the trends of de-
veloping lengthways data mining sysiem combining data
mining with its application in 2001, Hasdltine gave an
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aternate’ user-centered” gpproach in KDD2004 that can
produce KDD solutions with shorter development cycles,
lower costs, and much better usahility™®’ .

During their initia development , KDD ol utions of ten
focus heavily on dgorithms, architectures, software, hard-
ware, and systems engineering chalenges, without first
thoroughly exploring how enctusers will employ the new
KDD technology. As a result of such* systenrcentered”
desgn, there are many usdessfeatures that prolong deve-

opment and sgnificantly add to life cyde cost, making the
system hard to operate and use'™® .

In buildng of data mining ontology, it should be
summarized that the historical data mining production and
trends analys's, following the desgn conception of user-
centered. The high usable data mining service should be
offered to user.

Hgure 2 shows the structure of data mining ontolo-
gy, it shows the concept dasses and ther reations.
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Fig.2 Thearchitecture o data mining ontd ogy

Acoording to function, the agorithms can be catego-
rized as characterization, discrimination, custering, das
gfication, predction, asodation, outlier analyss, link
anayss, evolution analyss, visudization, etc. Genera
agorithmis used to hande structured data. Essentid dar
ta mining technique should be developed to cope with
complex types of data, such as complex objects, atia
data, multimedia data, time series data, text data and
the World Wide Web.

Data mining is focusng on application, and is used
in wide gpplication domain. According to the data mining
applications poll of Kdnuggets’® , the application domain
is divided into banking, bioinformatics Biotech , Direct
marketing/ fundrasng , Fraud Detection, eCommerce/
Web, entertanment/ News, insurance, investment/
stocks, manufacturing , medica/ pharma, retal , saentific
data, security, tdecommunications, travel and other.
Each domain can be dvided into severa sub-domans.
Each subrdoman ind udes severa gpplication tasks. Sev-
eral domans may have same sub-domains. Severd sub-
domains may have one same gpplication tasks. Each task
has one or more snlutions, every sl ution includes one or
multiple agorithms. One agorithms can be included by
svera lutions.

For example, banking, eCommerce, insurance, te-
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ecommunications, retal , travel , Direct marketing have
Client andyss. Cient analyss can be classfied as dient
dass, dient behavior analyss, dient credit analyss etc.

The predictive model accepted from the olution is
expressed by meansof the Predictive Modd Markup Lan-
guage (PMML) ™ PMML is an XML-based |language
that provides a way for applications to define dtatigtical
and data mining models and to share modes between
PMML compliant gpplications.

2.2 Ontology Implementation

In ontology coding, OWL ™! is adopted that is rec-
ommended by W3C. OWL can be used to explictly re-
present the meaning of termsin vocabularies and the rela
tionships between those terms. This representation of
terms and their interrelationships is caled an ontology.
OWL has more fadlities for expressing meaning and s
mantics than XML , RDF, and RDFS, and thus OWL
goes beyond these languages in its ahility to represent
machine interpretable content on the Web.

The ontology is coded with Sanford’ s protege
2000. It includes concept dass Data_mining, Function,
Type_of data, Algorithm, Application_domain, Sub_do-
man, Application task , Solution, Predictive_modd etc.
The relations of the concept , except the hierarchical con-
cept such as subclasof relationsof Application_doman’

53



and* Sub_domain” ,* Sub_doman” and“ Application_
task” , are expressed by concept properties.

Due to sace limitation, only two of the concept
class reations are introduced. The codes shownin Fg.3
describe that* Sub_domain” is the subdass of“ Applica
tion_doman” and* Application_Task” is the subclass of

Fraud detection and Banking. The mapping of its applicar
tion solutions and their used agorithms are showed in
Table 1.

Table 1  Maney laundering application sdutions
and their used algarithms

“ Sub doman’. - Function of .
) Application Algorithm Algorithm
owl :Class rdf :ID = Application_Domain”/ Trade network Link anadyss  Coplink Concept
owl :Class rdf :about = # Sub_domain” andyss Sace!®! | L IQUE™ |
rdfs: subClassOf rdf : reource =*  # Application_Do- two-tree PFS®!
main”/
i N (16]
rdfs:labd Sub domain / refs:label Trade attrlbut.es Classfication 91Q
Jowl :Olass rdated anayss
| Closs rdf 1D < Aoplication Tagk” Goup different cases  Clugtering CL IQUE™
owl:Cassrd :1D = Application_ To detect unusua Outlier andyss TOPn LOF 1
rdfs:subd amounts of fund
owl :Cass rdf :ID & Sub _domain’/ tranders
/ rdf s: subClassOf
/owl :Class To characterize Sequence moded Multi-objective GAM®!
unusua access andyss

Fig.3 The subdassrdation description of the concept dasses

The OWL codesof Fg.4 show part of the Solution
cass. It uses three properties” indude” ,* perform _
task” ,* accepted _knowledge” to build its relations with
class’ Algorithm” ,“ Application_Task” ,“ Predictive_
Modd”.

owl :Cass rdf :ID 2 Solution”/

owl : Functional Property rdf : 1D = include’
rdfs:range rdf :resource = # Algorithm”/
rdfs:domain rof :resource=" # Solution”/
rdf :type
rdf : reource = http:// www. w3. org/ 2002/ 07/ owl # Ob-
ject Property”/
/ owl : Functional Property
owl : Functiona Property rdf : ID = perform_task”
rdfs:domain rdf :reource=" # Solution”/
rdf :type rdf : resource = http :// www. w3. org/ 2002/
07/ owl # Object Property”/
rdfs:range rdf :resource = # Application_Task”/
/ owl : Functiond Property
owl : Functiond Property rdf : 1D = accepted _knowledge’
rdfs:domain rdf :resource= # Predictive_Modd”/
rdf s:range rof :resource = # Solution”/
rdf :type
rdf : reource = http:// www. w3. org/ 2002/ 07/ owl # Ob-
ject Property”/
/ owl : Functional Property

Fig.4 Part o dexription d the solution dass

2.3 One Example of Money Laundering Data Mining
Application Solution
Money laundering™™® is a sub-domain of Security,
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sequences

Trade trends andvss  Prediction Muitiple regresdon®!

2.4 The Application and Characteristics of the
System

The data mining ontology offers a semantic modd of
user’ s goplication needs, solutions and data mining ago-
rithm resources. With the help of ontology the users run
through the following steps to accomplish one edd da
ta mining task.

1) Through the inteligent composer, the user s
lects data sources through data integration ontology , en-
tersits goplication task such as Trade network anayss;

2) The system sdects stitable data mining applicar
tion olution through searching data mining ontology , it
includes agorithms of Coplink Concept Space, CLIQUE
and two-tree PFS;

3) Trander theinformation of data source and ol u-
tion to the Metadata directory server, execute the olu-
tion, access the acquired predct mode with knowledge
integration ontology and test it ;

4) Sore the tested predict model into knowledge
base and feed back the result to user through the intelli-
gent composer ;

5) The user uses the tested predict mode into his
transaction system for ded Son-making.

6) Other users drect use the predict modd in
knowledge basefor ded Son-making or &ter modifying it.

The system has high usahility and Extenghility.
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a) High usahility

The user needn’ t understand the data mning ago-
rithms, only selects the application olution acoording to
his goplication task and then implement it.

The user can use the predict mode expedently into
ther busness system supporting decisor-making. The
new goplication sl ution can be defined ugng system data
mining a gorithms by the domain expert and help them to
find the gppropriate ol ution.

b) Extenghility

U KG can share predict modd with other PMML gp-
plication and make predict modd , source data and data
mining tool s sef-existent.

2.5 Discussion

Many of the recently gppeared knowledge d scovery-
oriented systems,such as TeraGid , InfoGid , DataCut-
ter, AdAM , Discovery Net , Terabyte Chdlenge Test-
bed®! | have been designed for sedfic domains, and
later they have been extended to support more generd
gpplication congtruction. Someof such systems are essen-
tidly advanced interfaces for integrating, accesing and
processng large datasets. Furthermore, they provide
edfic functiondities for the support of typical know-
ledge di sovery processes.

The Knowledge Grid'*! bilds a domai rrindepend-
ent knowledge discovery environment on the Gid. It
provides gedificaly desgned services for the integration
of parald and sequentia data mining agorithms, and the
management of base datasets and extracted knowledge
modds. The sysemisonly used expertly by experts who
arefamiliar with data mining algorithms. It is hard to get
good knowledge modd without knowing data mining a-
gorithm very well.

The UKG is an ontology-based grid architecture
mode for building large- scale distributed knowledge sys
temon the grid. U KGemphaszes geographicaly distrib-
uted highrperformance knowledge discovery applications
and integration services. It can help various hierarchy us
ersfrom different goplication domainsfor data mning and
knowledge integration service, offering high extenghility
and usability.

3 Conclusion

This paper presents the user-centered data mining
service ontology on Universal Knowledge Gid, which
not only offers abundant data mining agorithms for
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dfferent function and different type of handling data, but
a9 provides multiple data mining gpplication olutions
for dfferent gpplication domains. It can meet the user
requirements of knowledge disocovery in different domans
and dfferent hierarchies and make the system exoteric,
extengble and high usable.

An example olution for money laundering is intro-
duced, includng the hierarchy of the doman and the
mapping of application slutions and ther used ago-
rithms.

Future work is to integrate more gpplication olu-
tionsinto the system, develop more dfective knowledge
integration services and offer more usable knowledge dis
oovery and knowledge integration services.
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