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The User-centered Data Mining Ontology Development on Universal Knowledge Grid
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(College of Computer Science, Huazhong University of Sci. & Tech. , Wuhan 430074)

Abstract There are many needs for solving large-scale distributed knowledge discovery problem. The Universal
Knowledge Grid (UKG)is an ontology-based grid architecture model to build large-scale distributed knowledge discov-
ery system on the grid. The data mining ontology services are the main service offered by UKG. This paper mainly in-
troduces the development and OWL implementation of the user-centered data mining service ontology on Universal
Knowledge Grid. The data mining ontology services can meet the user requirements of knowledge discovery in different

domains and different hierarchies and make the system exoteric, extensible and high usable. A data mining solution for

money laundering is introduced.
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QWL (Web Ontology Language) &7 .

<owl:Class rdf:ID="Application_Domain"/>
<owl:Class rdf:about="#Sub_domain">
<rdfs:subClassOf rdf:resource="#Application_Dormain"/>
<rdfs:label>Sub domain</rdfs:label>
</owl:Class>

<owl:Class rdf:ID="Application_Task">
<rdfs:subClassOf>
<owl:Class rdf:-ID="8ub_domain"/>
</rdfs:subClassOf:>
</owl:Class>

B3 fRBEERE A THRXRAH

<owl:Class rdf:ID="Data_Mining"/>

<owl:FunctionalProperty rdf:ID="handled_data">
<rdfitype rdf:resource="http://www.w3.0rg/2002/07/owl#ObjectProperty"/>
<rdfs:domain rdf:resource="#Data_Mining"/>
<dfs:range rdf:resource="#Type_of_Data"/>
</owl:FunctionalProperty>
<owl:FunctionalProperty rdf:-ID="has_function">
<rdfs:domain rdf-resource="#Data_Mining"/>
<rdfitype rdf:resource="http://www.w3.0rg/2002/07/owl#ObjectProperty"/>
<rdfs:range rdf:resource="#Function"/>
</owl:FunctionalProperty=
<owl:Functional Property rdf:ID="adapted_application">
«<rdfs:range rdf:resource="#Application_Domain"/>
<rdfs:domain rdf:resource="#Data_Mining"/>
<df:type rdfiresource="http://www.w3.01g/2002/07/ow#QbjectProperty"/>
</owl;FunctionalProperty>
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TeraGrid Network infrastructure 21 TFLOPS computational capacity as a“virtual”system.
InfoGrid Middleware Data integration engine, Personalized view of resources for each application domain.
DataCutter Middleware Specific for multi-dimensional querying, aggregation and transformation,
Datacentric Grid Abstract model Designed for dealing with immovable data, Explicit management of relationships among ex-
tracted models.
AdAM Agent-based framework | Based on repositories of interoperable modules, each specialized for a simple operation.
Discovery Net KDD middleware Users compose discovery processes combining Computation and Data services.
Terra Wide Data Five-node testbed for predictive mining, Generated models are kept up-to-date w. t. t. new
" Testbed
Mining Testbed data.
byt 11 .
Terabyte  Challenge Testbed 100 nodes organized as a meta-cluster, 2TB storage.
Testbed
Global is . ) \ .
Neiv:ork Discovery Testbed Link between the Discovery Net and the Terra Wide Data Mining Testbed.
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