13SART - Volume 5 Issue 6 ~-JUNE 2019

ISSN [ONLINE]: 2395-1052

Fake Product Review Monitoring Using Opinion
Mining

Madhuri Pardeshi', Toshna patil 2, Vasundhara Patil* , Sanket Pawar *, Vikrant Sawant®
Department of Computer Engineering
12345 G. Student, SSBT’s COET Bambhori , Jalgaon , Maharashtra , India

Abstract- In ecommerce applications, the Reputation based
trust models are very admired. For computing sellers’
reputation trust scores feedback ratings are gathered together.
A Fake Review Detection system is proposed which uses the
observation made by buyers mostly to express opinions about
the product in free text feedback review. These feedback
review comments are mined. In Fake Review Detection 1) for
computing reputation scores from user feedback comments, a
multidimensional trust model is proposed 2) an algorithm is
proposed for mining feedback comments which are used for
weights and ratings of dimension; natural language
processing’s combining techniques, opinion mining, and topic
modeling. After testing it on various websites like Amazon and
eBay, the Fake Review Detection proved to be very effective..
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I. INTRODUCTION
1.1 Repudiation system
[1]Reputation systems

[2] give a proper path for developing the trust through social
control without interference of trusted third parties. Most of
the research on reputation-based trust uses information such as
community-based feedbacks about past experiences of peers.
This is done to help making recommendation and judgment on
quality and reliability of the transactions.

[3]Community based feedbacks are often simple aggregations
of positive and negative feedbacks that peers have received for
the transactions they have performed and cannot accurately
capture the peer’s dependability. Peers can mislead in a
different of ways in addition, such as generating bogus
feedbacks on additional peers. The challenge of building a
trust mechanism is how to effectively cope with such
malicious behavior of peers. Other challenge is the trust
context changes from communities to communities and from
transactions to transactions. It is important to build a
reputation based system that is able to adapt to different
communities and different situations.
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[4] The three challenges should be satisfied by reputation
system. The system should: (1) provide information that will
allow buyers to differentiate between trustworthy and non-
trustworthy sellers (2) encourage sellers to be trustworthy, and
(2) discourage participation from those who aren’t. In the
terminology of asymmetric information, the number 2 and
number 3 challenges are that a reputation system must prevent
moral hazard and adverse selection on the part of sellers.

EBay is one of the best known Internet reputation systems.
The comments from buyers and sellers about each other are
collected by it. It collects comments after each transaction.

Examination of a huge data set from 1999 reveals
several interesting features of this system. It facilitates many
millions of sales each month. At very first, without incentives
to complimentary ride, more than half the time response was
supplied. Further, it is always positive beyond expectations.
Third, future performance of reputation profiles was
predictive. However, the Pollyanna assessments of reputation
are encouraged by net feedback scores those are displayed by
eBay. The best predictor available is far from it. Fourthly,
although sellers with better reputations were more likely to
trade their things, they benefited from no boost in price, at
slightest for the two sets of objects that were examined.
Finally, an elevated correlation between buyer and seller
feedback as it suggests that the players reciprocate and
retaliate is present.

The eBay reputation system is applicable to buyers
also. [4] But, sellers cannot hold goods if they are paid, the
reputations matter of buyer is substantially less. The great risk
is that they will not get paid, if they can turn to the second
high bidder. More, even if sellers wished to rely on reputations
of buyers it would do slight well, as it is not at all possible to
exclude buyers with bad reputations from one’s auction.

It is not worth at the outset that the system need not
be theoretically sound in order to work properly. It may only
be important that buyers and sellers both believe that the
system or some part of the system works. [5]A literature is
published on the effective workings of reputation systems on
the Internet. Therefore it seems not likely that most of the
participants are aware of frequency of feedback,
disproportions in feedback among those having positive and
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negative experiences, and so on. The system’s working
doesn’t matter, but how its participants believe it works, or
even whether they believe it works even if they have no
concern about why matters the most. The performance of man
in a world lacking a God might be fully moral and God fearing
if its denizens believed there was a God who would judge
them and possibly punish them in the hereafter, in order to
invoke an analogy drawn from grander contemplations.

Il. FAKE REVIEW DETECTION

[6] A fine-grained multi-dimensional trust evaluation model
by mining e-commerce feedback comments is projected,; it is
called as Comment-based Multi-dimensional trust (Fake
Review Detection). Comprehensive trust profiles are
computed for sellers using Fake Review Detection. It includes
dimension reputation scores and weights and overall trust
scores by aggregating dimension scores of reputation. The first
system which calculates fine-grained multidimensional trust
profiles automatically by mining feedback comments is Fake
Review Detection. Later, we use the terms reputation score
and trust score interchangeably.

a) The representation of Stanford typed dependencies

To have a simple description of the grammatical
relationships in a sentence which could very easily be
understood and effectively used by people without linguistic
expertise who wanted to extract textual relations, The
representation of the Stanford typed dependencies was
deliberated. As explained in [7], the representation was not
designed for the intention of parser evaluation; Researchers
agree that with the widespread sentiment that dependency-
based evaluation of parsers avoids many of the problems of
the traditional Perceval measures. Also to the extent that the
Stanford dependency representation is an efficient
representation for the tasks envisioned. It is perhaps closer to
an appropriate task based evaluation than some of the
alternative dependency representations available.

b) Sentiment Analysis

Restraining mining is also means the Sentiment. It is
the turf of study which examines and analyzes beliefs,
emotions, and assessments of people towards entities like
products, services, associations, persons, questions, events,
subjects, and their attributes. A large problem space is
represented by it. There are various names and slightly diverse
tasks, e.g., feeling analysis, view mining, view extraction,
emotion mining, partisanship analysis, influence analysis,
sentiment analysis, appraisal mining, etc.
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An umbrella of sentiment analysis or opinion mining
covers all of the above. The term sentiment analysis is more
commonly used in industry. In academia both sentiment
analysis is and opinion mining is frequently used. They
basically represent the same field of study. The terminology
sentiment analysis at very first appeared in (Nasukawa and Yi,
2003). The term opinion mining was first used in (Dave,
Lawrence and Pennock, 2003). However, the earlier research
on sentiments and opinions were diverse.

c) Sentiment Analysis Applications

As the opinions are key influencers of human
behaviors, they are central. Whenever someone needs to take
some decision, he/she wants to know the opinions of others.
The products and services are always found by businesses and
organizations all over the world by the opinions of consumer
or public.

Individual consumers also desire to know the
opinions of users of a product before purchasing it. Even
voters want to know others’ opinions about political
candidates before making a voting decision in election. In the
past years, when someone needed opinions, he/she used to ask
friends and family. When an organization or a business
wanted public or consumer opinions, it performed surveys,
view polls, and spotlight groups. Acquiring public and
consumer opinions has long been a huge business itself for
advertising, community relationships, and political movement
companies.

Related work divided into three main areas:

1) Computational approaches to trust, especially reputation-
based trust evaluation and recent developments in fine-
grained trust evaluation;

2) E-commerce feedback comments analysis and

3) Aspect opinion extraction and summarization on movie
reviews, product reviews and other forms of free text.

1) Computational Trust Evaluation

In literature [8]-[10], the effective rating bias in the
eBay reputation system is well documentation. As proposed in
[10], to examine feedback comments to bring seller reputation
scores down to a rational scale. There comments that do not
demonstrate explicit positive ratings are deemed negative
ratings on transactions.

Similar to that buyers and sellers are referred to as
individuals in e-commerce applications. Peers and agents are
terms always used to indicate the individuals in open systems
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in various applications in the trust evaluation literature. The
comprehensive overview of trust model is provided in [11].
Individual level trust models aims to compute the reliability of
peers and assist buyers in their work of decision making [12]-
[14]. To regulate the behavior of peers, avoid fraudsters and
ensure system security was the system level models aim [11].

2) Feedback Comment Analysis

[10], [15], [16], [17] examined analyzing feedback
comments in e-commerce applications. It says that their focus
was not albeit the comprehensive trust evaluation. The main
focus of [10] and [16] was sentiment classification of feedback
comments. It is proved that feedback comments are noisy and
hence analyzing them is a challenge. [10] States that the
missing aspect comments are deemed negative. Models built
from aspect ratings are used to classify comments into positive
or negative. [16] Proposed a technique for summarizing
feedback. It aims at to filter out courteous comments that do
not provide real feedback. Lu. Et al. [15] elaborates on
producing “rated aspect summary” from eBay feedback
comments. Its statistical generative model has basis on
regression on the overall transaction ratings.

111. PROPOSED SYSTEM AND METHODOLOGY
The proposed system has 2 stages:

The first stage has to preprocess the documents, i.e.
converting the documents into appropriate needs of data
schemes. The second stage has to analyze the available data
from first stage and divide it into clusters. This process is
carried out by clustering algorithm.

Stagel. Preprocessing of the input documents :(As per
attachment 1)

The preprocessing consists of steps shown in figure 3 :
1. The POS tagger

2. Stop words Removal

3. Stemming

4. Collecting synonyms & hypernyms

5. Calculate Frequency (Weighting)

Document POSTageger Stemming

|

Collecting
synonyms &

hypemyms

Remove stop

Collection words

Document Weighting

Vectors

Fig: Process Flow
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In this document set is taken as input and converted
into form suitable for processing.

Each document must be transformed into a feature
vector which can be presented to a machine learning system.
Adding semantic information to each document using external
sources like wordnet gives better clustering results. Using this
WordNet information, a better representation in the form of
document vectors for documents can be obtained.

1. The POS tagger [7]: It relies on the text structure and
morphological differences to determine the appropriate
part-of-speech. A Part-Of-Speech Tagger (POS Tagger) is
a piece of software that reads text in some language and
assigns parts of speech to each word (and other token),
such as noun, verb, adjective, etc.

2. Stop words Removal: To save space and to speed up
searching process, the words which are considered as less
important should be removed. Any group of words can be

chosen as stop words such as “the","at","on","which", etc.

3. Stemming: Words with the same meaning appear in
various morphological forms. Stemming algorithm is used
to reduce the word to its root or stem. The key terms used
in document are expressed by stem rather than original
words. For example, consider the words “playing”,
"played”, "play"”, and "player” can be reduced to the root
word, "play"”

4. Collecting synonyms & hypernyms: The stemmed words
are looked up in the wordnet [8] and their corresponding
synonyms and hypernyms are added. Infrequently
occurring synsets are discarded, and those that remain
form the feature set.

5. Weighting: Weights are assigned to give an indication of
the importance of a word on each document.

IV. RESULTS

For Performance evaluation of the approach we
measure it based on 2 parameters i.e precision and recall .
Precision and Recall are defined in terms of a set of retrieved
documents (e.g. the list of documents produced for a query)
and a set of relevant documents (e.g. the list of all documents
that are relevant for a certain topic)

1. PRECISION:

Precision is the fraction of retrieved documents that
are relevant to the find.
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|[{relevant documents} M {retrieved documents}|

precision = |[{retrieved documents}|

Fig:- Precision Graph
2. Recall:
Recall in information retrieval is the fraction of the

documents that are relevant to the query that are successfully
retrieved.
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Fig: Recall Graph
V. CONCLUSION AND FUTURE WORK

A Fake Review Detection system is analyzed. Its
aspects like dependencies representation, Sentiment Analysis,
Sentiment Analysis Applications are discussed. Thus the
survey will help researchers for further study in repudiation
systems.

Possible future work is to improve the efficiency and
also increase the accuracy of classification used.
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