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TfidfVectorizer
min df=3, max_df=0.9, strip accents='unicode'
use idf=1, smooth idf=1, sublinear tf=1

CountVectorizer
min df=3, max df=0.9, strip accents='unicode'

LogisticRegression (C =4, dual = True) & L TH 5
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score table NBSVM logistic regression
tfIDF(n_gram = (1,1)) 0.97468 0.97549
tfIDF(n_gram = (1,2)) 0.97722 0.97376
tfIDF(n_gram = (1,5)) 0.97663 0.97074
BoW(n_gram = (1,1)) 0.93941 0.93994
BoW(n_gram = (1,2)) 0.93980 0.94194
BoW(n_gram = (1,5)) 0.93633 0.93978

DToROL) BRI THEo5N.

score table NBSVM logistic regression
tfIDF (A) 0.97722 0.97376
tfIDF (A+B) 0.97766 0.97468
BoW (A) 0.93980 0.94194
BoW (A+B) 0.92819 0.94601
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