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Hierarchical text classification with non-labeled web data

HE Li, TAN Shuang, JIA Yan, HAN Weihong
(School of Computer, National University of Defense Technology, Changsha 410073, China)

Abstract ; Traditional text classification methods require a labeled corpus to train classifiers, however, it is costly
and time-consuming to label corpus manually. This paper proposes a hierarchical text classification method, which
trains the text classifier with web data that does not require any classification labels. This method constructs web in-
quiry by combining classification knowledge and topic hierarchical information, searches relevant documents and
extracts the learning sample from many kinds of web data, finds a classification basis to monitor the learning, and
combines a hierarchical support vector machine to train classifiers. The experimental results show that this method is
able to train classifiers through non-labeled web data, and gains a better result of classification with a performance
that is at a level close to the supervised classification method with labeled training samples.
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Fig.1 The classification method with no labeled data
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Table 1 Overall classification performance comparison
s Macro-P Macro-R ~ Macro- F,  JfEffi>R
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