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Mining special named entities from Chinese Web search query logs
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Abstract : Recognizing special Named Entities from Chinese Web search query logs is very useful for practice.
In this paper, a few seed words and feature selection techniques are used to extract features from the query logs
first, and then the features are combined into a text classifier for NE recognition. Experiments on a handred
milllion queries to mine six types of Special Named Entities show that it is able to find high quality Sepecial
Named Entities from Chinese Web search query logs. The average P@ 500 of the six classes achieves 77% .
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N Disease Movie Music v Person  University  Average
50 1.00 0. 86 0.94 0.94 0.96 1.00 0.95
100 0.96 0.80 0. 84 0.96 0.91 0.97 0.91
150 0.92 0. 80 0. 84 0.95 0. 86 0.93 0.88
200 0. 89 0.76 0.85 0.94 0.83 0.88 0. 86
250 0.85 0.72 0.85 0.92 0.83 0.85 0. 84
300 0.84 0.67 0.85 0.91 0.80 0.83 0.82
350 0.81 0. 64 0.85 0.90 0.79 0. 80 0. 80
400 0.79 0.62 0.85 0.90 0.79 0.76 0.78
450 0.79 0.63 0. 84 0.90 0.78 0.74 0.78
500 0.77 0.61 0. 84 0.89 0.77 0.71 0.77
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N Disease Movie Music TV Person University Average
50 0.98 0.94 0.92 0.98 1.00 1.00 0.97
100 0.98 0.85 0.92 0.95 0.96 0.98 0.94
150 0.97 0.79 0.88 0.93 0.96 0.92 0.91
200 0.94 0.74 0.87 0.92 0.95 0.89 0.88
250 0.90 0.70 0.86 0.91 0.92 0.85 0.86
300 0.87 0.67 0.85 0.89 0.90 0.80 0.83
350 0.85 0.63 0.83 0.89 0.89 0.77 0.81
400 0.83 0. 60 0.83 0.89 0.88 0.75 0.80
450 0.81 0.58 0.83 0.89 0.88 0.73 0.79
500 0.80 0.58 0.83 0.89 0.85 0.70 0.77
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