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Abstract  With the development of e-commerce sites and review sites, review information
increasingly affects the daily life of people. More and more network users like to post reviews to
share the consumption experience and discuss the quality of products; meanwhile, they rely on
the reviews from former consumers before making a consumption decision. The dependence of
reviews promotes the constant emergence of opinion spam. By the explosive growth of user-generated
content, the number of opinion spam in the reviews increases continuously. This phenomenon
attracts researchers’ attention. Opinion spam is quite different and more crafty than web spam or
email spam, which contains opinions of users about products and services. Opinion spam is firstly
investigated by Liu et al. who also summarize the opinion spam into different types. In terms of
different damages to users, we can further conclude the opinion spam into two types which are
deceptive opinion spam (fake review) and product-irrelevant spam. In the former spam, the
spammers give undeserving positive reviews or unjust negative reviews to the object for misleading
costumers. The latter spam contains no comments about the object. Obviously, the deceptive
opinion spam (fake review) is more difficult to detect. The fake reviews are the reviews with
untruthful consumption experience and evaluation of products, which may be good reviews about
the products of cooperators or bad reviews about the products of competitors driven by commercial

profits. The fake reviews likely mislead users on doing decisions which disturb people’s daily

WA H 91 :2016-09-28 5 LELR R Wi H - 2017-06-05. A PRABTF B [F 5\ K =7 3 R WF L 5T H (2015AA015407) [ 5 [ SR B} 2 L 4
(61632011,61370164) %t Wy, 235 , 20,1985 448, W+, P ETHSE ML 43 (CCF) £ B, B8 7 1) g i S0P 0 4 0 OF G 15 B AR 0 A
BA{F . Email: lyli@ir. hit. edu. cn. & 5,40, 1968 4/E 4 H82 h FH R ML AE & (CCP) £ B, 3= BEHF 52 S8k SUR 248 L S0AR
SRR 4L L1972 ARAE L BB ENF LY & (CCP & 5, R EM RS LS5 AR5 S A1



414 RS . HE BV IS R 5T 4 ik 947

life. It is very difficult for people to distinguish fake reviews. In the test of Ott et al. , the average
accuracy of three human judges is only 57. 33%. Hence, the research in detecting fake review is
necessary and meaningful. Because of the low accuracy of detecting fake reviews by people, it has
far-reaching significance in academic research and industry application that uses technology of
natural language processing to resolve the task. The reviews are commonly short documents. The
objective of the task is to distinguish the document whether is a spam or a truth. The task can be
transformed into a 2-category classification problem. The majority of existing approaches follows
Ott et al. and employs machine learning algorithms to build the classifiers. Under this direction,
most studies focus on designing effective features to enhance the classification performance.
Feature engineering is important, however, and it can hardly learn the inherent law of data from a
semantic perspective. In view of the good performance of neural network based models in the
natural language processing tasks currently, the document-level representation can be learnt by
neural network based models, and be used as features of the review. There are three research
directions which are fake reviews detection, fake spammer detection and fake spammer group
detection. The paper starts from the introduction of three views of fake review research. Specifically,
it makes a conclusion about the feature designing and fake review detection models of the current

research works and make a comparison among different types of models. Then it introduces the

dataset and evaluation indicators and finally looks into the future of the field.
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W D .S, REWIRHNES r —
HFWIFRES S, MAEHIFR r NEA—BHITIR
B£EAG AT RER R 0 RN R Ac FER
£ SATEW IR SE A E RN AR —3%
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Chnxf [ 26 77 i 1) B 52 PRI AT Sy S i i PE R F
WIEH I 22 5 TFIR N A R B TUR S #1745
A HIWT X PEIR  BEAT AR L IR ] 22 BCas S L %)
A PRSI AR 25
3.3.2 Resellerratings £ 4§54

Wang %5 A2 FE resellerratings. com [ 3 i 5
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TR X G007 255 R BT Ie BE AL AT AR A i R
VESY L BT ROV B 4L & A P e I [R) g 4E v,
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KT p B BAARLEE » F s BE L AE %™ dh Y
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Background

Research on fake review detection is a fundamental study
in the field of natural language processing. Many theories,
models and methods of detecting fake review have been
proposed and extensively studied. Although many achievements
have been made in these areas, new problems are continually
proposed and new challenges emerge. Especially, the arrival
of big data era and the development of deep learning theory
bring new opportunities and challenges for research on fake
review detection. This paper clarifies the scope of fake review
detection, gives a comprehensive survey on recognizing fake

review, fake spammer and fake spammer group. The future

embedding clustering and convolutional neural network for
improving short text classification. Neurocomputing, 2016,

174(PB) : 806-814

QIN Bing, born in 1968, Ph.D., professor, Ph.D.
supervisor. Her research interests include text mining and
text analysis.

LIU Ting. born in 1972, Ph.D.., professor, Ph.D.
supervisor. His research interests include social computing

and natural language processing.

research directions and new challenges are also elaborated
under the current research situation.

In recent years, the authors’ group has focused on the
related researches. We designed a neural network based
model to learn the representation of review text to detect fake
review and gain good results which outperformed the state-
of-art method.
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