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[ Abstract] In the text classification process, the Extreme Learning Machine ( ELM ) randomly maps the input text
features and presents a nonlinear geometric structure. As a result, the least square method cannot solve such nonlinear
structures and thus affects the text classification performance. To solve this problem, this paper introduces a new manifold
regularization and presents an improved algorithm based on extreme machine learning. The Laplace feature mapping is
used to preserve the geometry of input text features. The distance between sample points is modified based on the category
information of the sample,and the sample points with the same category are selected first to improve the classification
performance. Experimental results on the datasets of Reuters and 20newsgroup show that, compared with the
Regularization Extreme Learning Machine( RELM ) , AdaBELM and other algorithms, the proposed algorithm has better
classification performance,and the F1-measure can reach 91.42% .
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