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Topic Words Extraction Method Based on LDA Model
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Abstract Latent Dirichlet Allocation(LDA) is presented to express the distributed probability of words. The topic keywords are extracted
according to Shannon information. Words which are not distinctly in the analyzed text can be included to express the topics with the help of word
clustering of background and topic words association. The topic meaning is attempted to dig out. Fast Gibbs is used to estimate the parameters.
Experiments show that Fast Gibbs is 5 times faster than Gibbs and the precision is satisfactory, which shows the approach is efficient.
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2
3 5 (%)
Category Shannon TF-IDF Z-SCORE
79.82 47.17 9.44
92.16 41.11 29.68
70.00 50.52 10.17
70.91 56.37 24.33
100.00 79.69 33.12
98.04 80.00 21.98
95.31 54.69 76.65
98.15 54.72 6.64
90.00 61.67 44.83
94.55 62.13 30.10
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