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Abstract

Most of the researches about classification usually have used kNN(k-Nearest Neighbor), SVM(Support Vector
Machine), which are known as learn-based model, and Bayesian classifier, NNA(Neural Network Algorithm), which
are known as statistics-based methods. However, there are some limitations of space and time when classifying so
many web pages in recent internet. Moreover, most studies of classification are using uni-gram feature representation
which is not good to represent real meaning of words. In case of Korean web page classification, there are some
problems because of korean words property that the words have multiple meanings(polysemy). For these reasons,
LSA(Latent Semantic Analysis) is proposed to classify well in these environment(large data set and words’
polysemy). LSA uses SVD(Singular Value Decomposition) which decomposes the original term-document matrix to
three different matrices and reduces their dimension. From this SVD’s work, it is possible to create new low-level
semantic space for representing vectors, which can make classification efficient and analyze latent meaning of words
or document(or web pages). Although LSA is good at classification, it has some drawbacks in classification. As
SVD reduces dimensions of matrix and creates new semantic space, it doesn’t consider which dimensions
discriminate vectors well but it does consider which dimensions represent vectors well. It is a reason why LSA
doesn’t improve performance of classification as expectation. In this paper, we propose new LSA which selects
optimal dimensions to discriminate and represent vectors well as minimizing drawbacks and improving performance.
This method that we propose shows better and more stable performance than other LSAs’ in low-dimension space.
In addition, we derive more improvement in classification as creating and selecting features by reducing stopwords
and weighting specific values to them statistically.
Keywords : Categorization, Text, Feature, LSA, SVD, Supervised learning
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