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Abstract: Aiming at the deficiency of Naive Bayes’ attribute independence assumption,the concept of correlation and that
between multi —variations were discussed,and the definition of correlation degree between terms was presented.Based on the
analysis of the correlation between terms of TAN classifier,authors proposed a fomula to evaluate the correlation degree between
document feature words and the algorithm of its application to ameliorating Naive Bayesian classifier.The experiments on Reuters—
21578 collection show the improvement of algorithm to be simple,effective and easy to implement.
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Class Name

acq 2362 1 666 696
crude 408 287 121
trade 361 286 75
money—fx 307 220 87
interest 285 203 82
money—supply 161 133 28
ship 158 122 36
sugar 143 118 25
coffee 116 94 22
gold 99 79 20
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Naive Bayes Improved Bayes
Class Precision  Recall F1 Precision  Recall F1
acq 0.995 0.931 0.962 0.991 0.945 0.968
crude 0.744 0.983 0.847 0.779 0.992 0.873
trade 0.562 0.973 0.712 0.640 0.973 0.772
money—{x 0.607 0.782 0.683 0.622 0.851 0.718
interest 1.000 0.402 0.574 0.973 0.439 0.605
money—supply 0.957 0.786 0.863 0.957 0.786 0.863
ship 0.957 0.611 0.746 1.000 0.639 0.780
sugar 1.000 0.800 0.889 1.000 0.800 0.889
coffee 0.870 0.909 0.889 0.833 0.909 0.870
gold 0.824 0.700 0.757 0.929 0.650 0.765
Macro—Average 0.8514 0.7878 0.8183 0.8724 0.7984 0.8337
Micro—Average 0.8716 0.888 4
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