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A Method for Eliminating Class Noise in Text Classification Based on
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Abstract
attribute in text classification. The algorithm can eliminate class noise for classifier by mining the most representative

This paper presents a novel algorithm for eliminating class noise based on the analysis of the feature class

class information of text features, which means that the algorithm can actively prejudge the candidate class labels to
unseen documents using the class attribute linked to features and classify them in the candidate class spaces to reduce
the number of decisions, retrench time expense, and promote accuracy. The experimental results on Chinese and English
corpus show that the algorithm has good performance. The F' measure is 0.76 and 0.93, respectively, and the run efficiency
of classifier has been improved greatly. A further experiment indicates that the algorithm has good expansibility. Based
on a certain feedback learning strategy, the ' measure can be further improved to 0.806 and 0.943.
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Fig.1 The illustration of eliminating class noise
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FOR EACH w; € X;

IF w; appears in Title

Virtual Node = Virtual Node U Cl;
ELSE
ReVirtual Node = ReVirtualNode U Cl;

END;
10. FOR EACH ¢t € VirtualNode
11.  IF Classifier(X;) > Th(ct)
12. Insert ¢ into T'
13. END;
4. IFT = ¢
15.  FOR EACH t € ReVirtualNode
16. IF Classifier:(X;) > Th(c)
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Table 1 Class noise elimination results on
the CLC datasets
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Fig.2 The analysis of Macro F value changing with the

class noise on CLC dataset
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Fig.3 The trend analysis of ECN’s classifier run

frequency and Micro F measure on CLC dataset
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Table 2 Class noise elimination results on the
Reuters-21578 dataset

Noise Filtered Filtered & Noise NEP TCC
0.50 0.5 0.494 0.989 0.9885
0.66 0.556 0.55 0.991 0.982
0.75 0.548 0.534 0.971 0.9455
0.80 0.607 0.597 0.982 0.9478
0.857 0.645 0.636 0.988 0.9391
0.875 0.677 0.671 0.991 0.9478
0.889 0.694 0.689 0.992 0.9483
0.90 0.7 0.69 0.987 0.9027
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Table 3 The performance of ECN Algorithm

ECN+ ECN HC Non- IG CHI
FL ECN
CLC Macro F' 0.804 0.756 0.738 0.739 0.73 0.711
Micro FF 0.806 0.759 0.74 0.744 0.732 0.714
Reuters Macro FF 0.874 0.86 0.85 0.856 0.857 0.809
Micro FF 0.943 0.933 0.923 0.928 0.926 0.876
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