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Abstract There has been an increasing necessity of Semantic Web-based metadata that helps
computers efficiently understand and manage an information increased with the growth of Internet.
However, it seems inevitable to face some semantically ambiguous information when metadata is
generated. Therefore, we need a solution to this problem. This paper proposes a new method for
automated metadata generation with the help of a concept of class, in which some ambiguous words
imbedded in information such as documents are semantically more related to others, by using
probability model of consequent words. We considers ambiguities among defined concepts in ontolcgy
and uses the Hidden Markov Model to be aware of part of a named entity. First of all, we construct
a Markov Models a better understanding of the named entity of each class defined in onfology. Next,
we generate the appropriate context from a text to under§tand the meaning of a semantically
ambiguous word and solve the problem of ambiguities during generating metadata by searching the
optimized the Markov Model corresponding to the sequence of words included in the context. We
experiment with seven semantically ambiguous words that are extracted from computer science thesis.
The experimental result demonstrates successful performance, the accuracy improved by about 18%,

© compared with SemTag, which has been known as an effective application for assigning a specific

meaning to an ambiguous word based on its context.
Key words @ Metadata, Automated Metadata Generation, Context, Semantic Web, Ontology,
Semantic Ambiguity
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<SupervisedLearning rdf:ID="neuralNetwork_13">
<type> <Type rdf:ID="term"/> </type>
<name rdf:datatype="http://www.w3.org/2001/
XMLSchemattstring”
>neural network</name>
</Supervisedlearning >
<owl:Class rdf:ID="SupervisedLearning”>
<rdfs:subClassOf rdf:resource="#MachineLearning”/>
</owl:Class>
<owl:Class rdf:ID="MachineLearning”>
<rdfs:subClassOf rdf:resource="¢Artificiallntelligence”/>
</owl:Class>
<owl:Class rdf:ID="Artificiallntelligence”>
<rdfs:subClassOf rdf:resource="#ComputerScience”/>
</owl:Class>
<owl:ObjectProperty rdf:ID="type">
<rdfs'range rdfiresource="#Type"/>
<rdfs:domain rdf:resource="#ComputerScience”/>
</owl:ObjectProperty>
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*Al Artificial Intelligence, SE:Software Engineering, CC:Computer Communication
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