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Table 1 Examples of fake reviews and real reviews

FR% Label IS CA Review text

Wow! Mike Ditka's in Chicago is one of
my favorite restaurants,it’s seriously
amazing***

Fake review

. I would return to Mike Ditka’s though if 1
Real review .
had a bigger budget--
- . 1 was extremely happy with my first visit to
Fake review Weber Grill--+

We choose the Weber Grill due to it having

Real review .
a great outdoor eating area--*

Note:bold words have strong sentiment orientation
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Fig.1 Sentiment coding module
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Table 2 Sentiment seed word set

AL B35 Positive words T % P4 Negative words

problem, hard, waste,boring,
less, junk, poor, least, worst,
wrong:+*

good, like, well, love, best,
better, want, recommend,
worth, great,right, fun--+
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Fig. 2 Fake review detection model based on the pre-training of sentiment information and Bi-GRU
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Table 3 Dataset information
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Table 5 Comparative experimental results of training
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Bi-GRU 86.9 87.8 86.3
SKEP 90.6 89.2 91.0
Joint pre-training model 91,3 91.3 92.3
Bi-GRU + Attention 92.9 94.0 93.2
FR-SG (Ours) 93.8 93.6 93.7
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sults in comparison of multiple models
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Fake Review Detection Model Based on Pre-training of Sentiment
Information and Bi-GRU

ZHANG Yuying'?,ZHU Guangli'*" " ,ZHANG Yougiang'*,SUN Zhengyan'?,

ZHANG Shunxiang'”

(1. School of Computer Science and Engineering, Anhui University of Science and Technology, Huainan, Anhui,232001,China;
2. Institute of Artificial Intelligence Research, Hefei Comprehensive National Science Center, Hefei, Anhui,230088,China)

Abstract : Fake review detection has important application value in e-commerce,social media,and other fields.
Although existing review detection models integrate the sentiment information of the text,in the process of
pre-training, the extraction of emotional information is ignored, resulting in low accuracy. Aiming at this
problem,a Fake Review detection model (FR-SG) based on the pre-training of sentiment information and Bi-
directional Gated Recurrent Unit (Bi-GRU) is proposed to improve the accuracy of fake review detection in
this article. Firstly,the semantic vector of the text is obtained by Albert model. Then, Term Frequency-In-
verse Document Frequency (TF-IDF) and K-means + + clustering methods are used to mine the sentiment
seed words from reviews. Based on the seed words, the attribute words and sentiment words in the text are
masked. Then,using the sentiment-oriented objective optimization function, the sentiment information is em-
bedded into the semantic representation of the text to generate the sentiment vector. Finally, the joining re-
sults of these two groups of vectors are input into the fake review detection network to obtain the classifica-
tion results of the text. Experimental results show that FR-SG improves the accuracy of fake review detection
compared with the Bi-GRU + Attention model.

Key words: fake review detection;pre-training of sentiment information;sentiment seed words; Bi-GRU ; objec-

tive optimization
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