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Abstract :  Document clustering is one of the most active research topics in text mining. Document clustering groups similar
documents using statistical computations on term frequencies. Ideally, related documents within the document collection are
clustered. In this work two approaches issued from very different fields are explored for document clustering: community
detection in complex networks and spectral clustering. Both approaches are based on a representation of the document
collection as a graph, of which the nodes represent the documents and the edges represent the similarities between each pair of
documents, such that the two approaches have many issues in common. These graph based approaches are complementary and
are useful for finding structure in large collections of documents. We present a novel method for semantically clustering a
large collection of documents using community detection in graphs. A term network based on term co-occurrence is generated
from the documents collection, the terms in the complex network are clustered into some communities by means of hub based
clustering and spectral clustering, the semantic term clusters as conceptual maps are used to generate overlapping document
clusters. The terms resulting from clusters as queries are used to map the highest ranked documents to clusters. Our algorithm
occupies a middle ground between speed and quality. Our method provides a way to segment large document collection in fast
running times. The algorithm presented can also be incorporated into a search system that enables the dynamic clustering of
large numbers of search results.
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