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Abstract We describe a new method for text cate-
gorization using TextRank algorithm. Text categorization
is a problem that over one pre-defined categories are
assigned to a text document. TextRank algorithm is a
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graph-based ranking algorithm. If we consider that each
word is a vertex, and co-occurrence of two adjacent
words is a edge, we can get a graph from a document.
After that, we find important words using TextRank
algorithm from the graph and make feature which are
pairs of words which are each important word and a
word adjacent to the important word. We use classifiers:
SVM, Naive Bayesian classifier, Maximum Entropy
Model, and k-NN classifier. We use non-cross-posted
version of 20 Newsgroups data set. In consequence, we
had an improved performance in whole classifiers, and
the result tells that is a possibility of TextRank algorithm
in text categorization.

Key words : TextRank algorithm, Text Categorization,
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