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Table1l Taining examples and their distributions
1
Football Basketball ~ Volleyball Table tennis Tennis Chess and cards
Has subject words 40 60 48 30 57 80
No subject words 80 40 29 11 6 4
485 , , , 2719 , ,
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Table2 Results of semi-supervised Web mining
2 Web
Football Baseketbal Volleyball Tabl_e Tennis Chess and Rgult evaluate
I tennis cards Precision Recall
Football(120) 112 5 0 1 2 2 0.965 52 0.933 33
Basketball(100) 1 98 0 1 0 0 0.933 33 0.980 00
Volleyball(77) 1 2 74 0 0 0 097368  0.96103
Table tennis(41) 0 0 0 40 1 0 0.83333 0.975 61
Tennis(63) 0 0 1 4 58 0 0.935 48 0.920 63
Chess and
cards(84) 4 0 1 2 1 76 0.974 36 0.904 76
120 , 5,0,1,2,2.
, Naive Bayes ,
, 1000 , 876 g 2
1 14 , 2 7 : , 1 “ A"
2 ‘A . A\ T , 2 ,
400
300
200
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< £ = ] = o S > 8 g 3 5
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Fig.2 Different selection of latent variable and document’s distribution
2
1 , ;2
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Semi-Supervised Web Mining Based on Bayes L atent Semantic M odel*
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(Laboratory of Intelligent Information Processing, Institute of Computing Technology, The Chinese Academy of Sciences, Beijing 100080,
China)
E-mail: { gongxj,shizz} @ics.ict.ac.cn
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Abstract: With the increasing of information on Internet, Web mining has been the focus of data mining. Web
classification predicts the labels of Web documents by learning lots of training examples with labels. It is very
expensive to get these examples by manual. Web clustering groups the similar Web documents by a certain of metric
of similarity. But the classical algorithms of clustering are aimless in searching the solution space and absent of
semantic characters. In this paper, a semi-supervised learning strategy consists of two stages is put forward. The
first stage, labels the documents that include latent class variables by using Bayes latent semantic model. The
second stage, based on the results from the first stage, labels the documents excluding latent class variables with the
Naive Bayes models. Experimental results show that this algorithm has good precision and recall rate.

Key words: Bayes latent semantic analysis; semi-supervised learning; Naive Bayesian classifier; expectation

maximization; Web mining
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