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Network-based Noise Revision Algorithm in Text Categorization

Xuan Zhaoguo Dang Yanzhong
(Institute of Systems Engineering, Dalian University of Technology, Dalian 116023)

Abstract: Training data is necessary to train the classifiers in Text Categorization. In fact, there are
always some documents distributed to a wrong category in training text corpus, which are named noise texts.
IT we use noise texts in text mining applications directly, the efficiency of the text mining will be influenced.
This paper proposes a revision algorithm for noise texts based on network. Firstly, document-similarity network
(DSN) is constructed. The categories constitute the corresponding community structure in the network, and
modularity is used to evaluate the quality of the categories. The noise texts can be revised through modularity
optimization. The experimental results indicate the efficiency and robustness of the algorithm. This algorithm
can be used in the preprocessing of text mining or taxonomy building.
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5 0.5548 0.9462 | 0.9522 0.9490 0.7136 | 0.9617 0.9438 0.9504
10 0.5548 0.8906 | 0.9021 0.8960 0.7136 | 0.9624 | 0.9478 0.9536
15 0.4940 0.8366 0.8519 0.8433 0.7138 0.9583 0.9441 0.9496
20 0.4342 0.7827 0.8017 0.7904 0.7136 0.9593 0.9433 0.9500
25 0.3715 0.7316 0.7510 0.7393 0.7140 0.9552 0.9370 0.9435
30 0.3081 | 0.6837 | 0.7015 0.6900 0.7135 | 0.9581 | 0.9378 0.9451
35 0.2593 0.6331 0.6526 0.6393 0.7139 0.9567 0.9302 0.9389
40 0.2092 0.5835 0.6016 0.5892 0.7138 0.9520 0.9320 0.9389
45 0.1826 0.5347 | 0.5517 0.5392 0.7139 | 0.9514 | 0.9286 0.9368
50 0.1356 0.4864 | 0.5008 0.4879 0.7134 | 0.9527 0.9268 0.9346
55 0.1089 0.4389 | 0.4520 0.4399 0.7137 | 0.9501 0.9277 0.9346
60 0.0777 0.3907 | 0.4013 0.3902 0.7136 | 0.9436 0.9230 0.9306
65 0.0440 | 0.3424 | 0.3511 0.3411 0.7123 | 0.9369 0.9148 0.9229
70 0.0299 | 0.2946 | 0.3020 0.2932 0.7105 | 0.9334 | 0.8968 0.9089
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