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Abstract

In this paper we present a novel measuring
method using a multi-classifier platform to perform
evaluation of semantic relatedness among texts. We
employed several text classifiers based on various
specific topics using support vector machines (SVMs)
to construct a multi-classifier platform. Firstly, we
employ our developed algorithm to deal with text
pre-processing and training for classifier generation.
Subsequently, the texts of unknown category go
through the trained SVM classifiers to generate new
vectors of decision features made by the classification
results. Essentially, the resulting class vectors are used
to represent semantic vectors of respective texts for
comparison of relatedness with other texts. In addition,
we evaluated the system performance with some
traditional textual similarity evaluation techniques,
including Distance, Inner, Cosine and Dice methods.

Keywords: Support Vector Machines ~ Text
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