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Research on feature extraction and detection of fake comment
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[ Abstract] With the gradual development of Internet technology and online shopping, aiming at the problem of fake comments in
current online shopping, this paper studies the feature extraction technology of fake comments. Firstly, the detection technology of
comment feature extraction at home and abroad is summarized. Then a series feature extraction experiments are conducted on Yelp

store dataset. We test a variety of machine learning classifiers and compare the fusion of different methods. The advantages and

disadvantages of different classifiers in detecting fake comments are analyzed.
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Tab. 1 Classification results of different machine learning models
%

LY AUC il FELES F1{8
KNN 52.87 85.88 95.69 90.52
SVM 52.74 86.04 97.37 91.35
NB 52.17 84.26 94.88 89.25
DT 52.69 86.29 95.19 90.52
LGB 50.22 85.06 99.79 91.84

AUC ( Area Under the Curve of ROC) & PFEfli 43
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Tab. 2 Classification results after downsampling %
R AUC i A Il F1{H
KNN 55.89 87.84 61.54 72.37
SVM 58.17 88.92 60.30 71.86
NB 53.69 92.51 15.77 26.94
DT 58.41 88.58 58.54 70.49
LGB 57.69 88.43 60.01 71.49
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