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Abstract

This study proposed a Latent Semantic Analysis
based method to find semantically related terms from
top 20 to 50 Google search results for a given query
and to group the terms into clusters. Each item of the
search results is then grouped into one individual
cluster based on the terms it contains. A heuristic
method is proposed to conduct clustering of
semantically related terms based on their concept
dimension significance after LSA analysis. The
proposed method determines the best fit number of
clusters for each query, without the burden of defining
the number of clusters in advance. Web pages
containing multiple terms is assigned to a primary
cluster or allocated them into multiple clusters based
on concept dimensionality significance. Finally, the
clustering quality is evaluated using silhouette
coefficient on experiment results using a set of mixed
popular and industrial keywords. The clustering
quality of the proposed method is also compared with
popular clustering methods.
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