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A )= frequency of w, where class label is ¢
af)= number of total words
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He)= number of total words
(F) = number of w, occurence
K= number of total words
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Voc < words through feature selection
Data < training data set
for each class variable{

docs; < documents which class variable is v,
P(v)— :dDOCtZ: y7 2dse 2ESE
V « total words in docs;

n < number of words in V
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ny, < frequency of wy in V
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Num_words < # of words in document;
w; < each word in document;

Num_class < # of class variable;
z « # of feature;
for(k=1; k<Num_words}{

W, < Calc_Weight( w,);
Buf « Save_Buf( W);

)
Sort(Buf); //TFIDF 3ol & €42 A3
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if(feature number < z)
then(supplement keywords);
for(j=1; ;< Num_class){
for(each keyword){
Prob « Calc_W( w;) * Calc_P( wju,);
}
V « Calc_P( ;) * Prob;
} return Max(V); /W& gt
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