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Abstract

Nowadays, network information has been covered in all aspects of our lives, but with the devel-
opment of the network, the problem of network information overload has become more and more
prominent so that it is difficult for us to accurately locate the information we need in the network.
The web classification can effectively improve the efficiency of web search and help us accurately
locate the desired page. The current classification algorithm can handle a small amount of web
pages classified, but the efficiency of large-scale web classification is not ideal. Recently, a distri-
buted web classification is proposed. Although this method can improve the efficiency of web page
classification, it does not improve classification algorithm itself. Therefore, this paper proposes a
hashes and KNN method based on the design of a classification algorithm applied to large-scale
web classification.
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Figure 1. Feature extraction process
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Table 1. Detail of dataset
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Category Web page Number Category Web page Number
Automobile 3,027,662 Education 446,539
Sports 94,146 Finance 473,222
Games 89,550 House 313,386
News 344,818 Entertainment 110,885
Technology 346,874
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Figure 2. Classification result on choice of k value (1 < K <9000)
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Figure 3. Classification result on choice of k value (1 < K <50)
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Figure 4. Macro precision on different training set
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Figure 5. Macro recall on different training set
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Figure 7. Time cost on different training set
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