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LSASGT: an Approach to Text Categorization Based on Latent
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Abstract:  In this paper, an approach to text categorization named LSASGT is proposed, which combines Latent Semantic
Analysis(LSA) with Spectral Graph Transducer( SGT) for the task of text categorization. For both LSA and SGT are originated
from spectral analysis theory which can mine some latent gructwe information within all training and teding data, we integrate them
tightly in one model. Firstly, according to the characteristic of natural language, LSA is used to represent documents in a latent se-
mantic space in which documents and their semantic relationships can be reflected more pertinently. Then we consgruct a graph based
on the latent concept based subspace, and apply the graph into SGT for text caiegorization. The experiments demonstrate that LSA S
GT can improve dassification performance on both English and Chinese datasets of Reuters21578 and T anCoxpr 12.
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